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A irborne laser scanning data is used to discrim inate betw een D ouglas-fir 
(.Pseudotsuga m enziesii), ponderosa pine (P irns ponderosa ), lodgepole pine (.Pinus 
contorta), and w estern larch (Larix occidentalis) in a m ixed coniferous forest o f  w estern 
M ontana, USA. Laser-derived structural and intensity variables are investigated to 
classify tree species at individual tree and plot-level dom inant species. Linear 
D iscrim inant A nalysis is applied to discrim inate between species, and in com bination 
w ith M axim um  Likelihood Classification, used to m ap species across the landscape. O ne­
w ay A N O V A  tests indicate that proportions o f  first and single returns and m ean 
intensities are significantly different betw een species (p-value < 0.001) at bo th  individual 
tree and plot-dom inant species levels. A single variable in the L inear D iscrim inant 
A nalysis (LD A ), e.g., m ean or standard deviation intensity, can produce classification 
accuracy ranging from 49-61%  at the dom inant species level and 37-52%  for individual 
trees. The accuracy can be im proved to 95%  and 68%  respectively by using m ultiple 
variables, including proportions o f  return type, intensities, and canopy heights. A dding 
proportion o f  return-type im proves classification accuracy at the dom inant species level, 
but not for individual trees. The inclusion o f  both m ean and standard deviation o f  canopy 
heights produce higher accuracy at both levels. V alidation o f  the landscape 
classifications is perform ed using a stand database consisting o f  predom inant and 
secondary species and w ith gridded, fixed-area plots. A ssum ing that stand hom ogeneity  
is at least w ithin dom inant species criteria (>70% ), the application o f  intensity  and 
canopy height variables generates a classification accuracy o f  45%  that is increased to 
53%  by including m ixed species (stands w ithout a clear dom inant species) in the error 
analysis. A second m ethod based on M axim um  Likelihood C lassification (M LC) using 
two layers, (1) the m odified LD A-species based layer, and (2) percent canopy cover 
(PC C) layer, im proves accuracy up to 75%. U nlike the m odified LDA, in w hich the 
accuracy increases w ith incorporation o f  m ixed species, the M LC produces low er 
accuracy (38% ) w hen these stands are included. Both m ethods, the m odified LD A  and 
M LC produce best results for D ouglas-fir follow ed by lodgepole pine and ponderosa 
pine, while w estern larch is difficult to identify. A lm ost w ithout exception, the 
classification identifies the correct m ix o f  species w ithin each m ixed polygon, but field 
data do not currently support validation o f  individual pixels w ithin stands.
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C H A P T E R  1
I n t r o d u c t i o n  t o  A i r b o r n e  L a s e r  S c a n n i n g  S y s t e m s  a n d  T r e e
S p e c i e s  I d e n t i f i c a t i o n
O v e r v ie w
The intent o f  this dissertation research has been to evaluate and develop the 
capacity o f  relatively low density (< 1 return/m2) airborne laser scanner data for 
discriminating between tree species in an inland Northwestern conifer forest. The work 
examines four com m on species, Douglas-fir (Pseudotsuga menziesii), ponderosa pine 
(Pinus ponderosa), lodgepole pine (Pinus contorta), and western larch (Larix 
occidentalis) and assesses the relative importance o f  intensity, height, and return-type 
metrics for classifying them in a mixed-species forest system. While most o f  the work 
focuses on species identification, exploratory analyses o f  both the laser system and 
landscape classification are central to the research. The dissertation is arranged into five 
chapters, starting with an exploration o f  laser intensity data and culminating in the 
application o f  tree-species classification at broad scale. Chapter one presents a 
perspective, background, and a statement o f  goals. Chapter two is an exploration o f  
intensity characteristics, examines potentially confounding effects including Automatic 
Gain Control (AGC), and produces a simple test-case landscape classification. In this 
chapter, airborne laser scanning (ALS) data produced by a Leica A LS50 instrument that 
operates with an AG C subsystem is evaluated to identify the distinctiveness o f  intensity 
and the effects o f  scan angle (range) and A GC on intensity. The exploration uses samples 
from urban (M issoula International Airport) and natural (Lubrecht Experimental 
Forest/LEF) sites. Intensity normalization is also applied and its quality is evaluated. The
1
normalized intensity data are used to classify landcover in both areas using a simple, 
exploratory threshold method. Chapter three presents species identification using laser- 
derived variables at both individual tree and plot levels. In this chapter, in addition to 
intensity, A LS derived structural variables are used to discriminate the four dominant 
species mentioned above in LEF. Several statistical analyses are performed, including 
Linear Discriminant Analysis (LDA) for species classification at individual tree and 
dominant species scales. Chapter three was published in ISPRS Journal o f  
Photogrammetry and Remote Sensing  (Suratno et al., 2009). Chapter four describes the 
application o f  species classification at the landscape level. Variables and the 
methodology used in Chapter three (LDA) are used in conjunction with a m axim um  
likelihood classifier to catalog the entire LEF at 0.04 ha resolution. The results o f  the 
classification are evaluated using independent plot data, and against an existing stand 
database and a current inventory dataset. This chapter will appear in the Proceeding o f  
Silvilaser 2009, the 9th International Conference on Lidar Applications fo r  Assessing  
Forest Ecosystems. Chapter five identifies potential shortcomings o f  the methodologies 
for species identification and presents recommendations for future research.
Statem ent of problem
The innovation o f  airborne laser scanning (ALS) systems in forestry applications 
has allowed researchers and foresters to take advantages o f  direct three dimensional 
m easurem ents of trees. The use o f  airborne laser scanning systems for accurate 
estimations o f  height, canopy width, and stem density are well established (M eans et al., 
2000; Gobakken and Naesset, 2004; M aas et al., 2008), while applications for tree
spec ies  iden tif ica tion  are re la t ive ly  new . Spec ies  inves tiga tions  re ly  on  the  capab i l i ty  o f  
laser sy s tem s  to prov ide  bo th  x .y ,z  in fo rm ation  and  in tensity  (H o lm g re n  an d  Persson ,  
2004 ; M offie t  et al.,  2005 ; D on o g h u e  et al.,  2007 ; 0 r k a  e t  al., 2007) .  T h e  use  o f  in tensity  
data  in add it ion  to s tructural data  is re la t ive ly  new . L aser  in tensity  da ta  h ave  no t been 
w id e ly  u til ized  fo r  fo restry  app l ica t ions  du e  to  uncer ta in t ies  rega rd ing  s igna l- to -no ise  
ratio  an d  due  to the  h igh  variab ili ty  in ca n o p y  ref lec tiv ity  caused  by fac tors  such  as  lea f  
m o rp h o lo g y  an d  cond it ion ,  c ro w n  structure , and  height.  T h e  latter  u n ce r ta in t ies  a re  ones  
tha t  th e  pass ive  op tical rem ote  sens ing  c o m m u n i ty  has dea lt  w ith  fo r  m o re  th a n  30  years ,  
and  tha t  g r o u p 's  co l lec tive  ex pe r ience  sh o w s  tha t  b iophysica l  va r iab les  o f  in te res t  (in th is  
ca se  tree  spec ies)  can  often  be d isen tang led  f rom  co n fo u n d in g  var iab il i ty  (C urran .  1990; 
M il le r  et al.,  1991; K im  e t  al., 1994; D augh try  et al.,  1989). D isc r im ina t ion  o f  sp e c ie s  o f  
ind iv idual trees  in m ix e d  co n ife r  forests  w o u ld  be a  very  s ign if ican t  a d v a n c e m e n t  in bo th  
rem o te  sens ing  and  in fo rest inventory .
C urren tly ,  th ree  p r im ary  m e th o d s  h av e  b een  app l ied  to  so lve  th is  p rob lem , each  
o r ig ina t ing  in a  d if fe ren t  country .  The  C a n ad ian  m e th o d  used m e an  laser  re f lec tiv i ty  and  
var iab il i ty  to d isc r im ina te  Ja c k  pine f rom  Sco ts  p ine (S ch re ie r  e t  al.,  1985). The  
S cand inav ian  m e th o d  u til ized  the  s tandard  dev ia tion  o f  the  in tensity  o f  all vege ta tion  
re tu rns  and  th e  p roportion  o f  first re turns to seg regate  N o rw a y  sp ruce  an d  Sco ts  pine 
(H o lm g re n  and  Persson ,  2004).  T h e  A ustra l ian  m e th o d  co m b in ed  ' ‘vege ta tion  
p e rm e ab il i ty ’' w ith  s ingu lar  vege ta tion  re turns to  d isc r im ina te  b e tw e en  W hite  C y p res s  
p ine  an d  P op la r  B ox  (M off ie t  e t  al., 2005) .  T h e  m o s t  recen t study, c o n d u c te d  by  0 r k a  et 
al. (2007),  identif ied  spruce ,  birch an d  a spen  in N o rw a y  us ing  th e  in tensity  o f  d if fe ren t  
return  types .  Each  o f  these  s tud ies  show ed  p rom ise  in c lass i fy ing  trees  a t  the  level o f
d o m in a n t  spec ies  and  individual tree. H ow ever ,  the m e th o d s  h ave  been  tes ted  on ly  at 
local s tudy  s ites w ithou t co l lec tive ly  add ress ing  c o n fo u n d in g  effec ts  tha t  are  k n o w n  to 
in fluence in tensity  var ia t ions  (M off ie t  e t  al., 2005) ,  an d  have  not been  ap p l ied  to 
landscape  classification .
O n e  app roach  to  spec ies  iden tif ica tion  is to use laser  da ta  to de r ive  spec ies-  
spec if ic  c ro w n  s tructure  m easu rem en ts .  In th is  app roach ,  co l lec tions  o f  la ser  re f lec tions  
are  used  to  de f ine  th e  d im e n s io n s  o f  tree ca nop ie s  w h ich  are  in tu rn  used to  d iffe ren tia te  
spec ie s  w ith  un ique  c ro w n  shapes.  F or  exam ple ,  H o lm g ren  and  P ersson  (2 004)  sh o w ed  
tha t  sp ruce  and  pine can be d isc rim ina ted  in S cand inav ian  boreal fo res ts  by  ca n o p y  shape  
(con ica l  v e rsu s  el liptical c row ns) ,  an d  sim ila rly ,  in G erm a n y ,  Reitbe rger ,  et al. (2006)  
dem o n s tra te d  tha t  spruce  and  beech  can  be identif ied  by c row n  shape.  A n  ac k n o w le d g e d  
sh o r tco m in g  o f  the s tructura l ap p ro a ch  is th a t  it requ ires  very  h igh  data  dens i ty  (e.g..  >3 
re tu rn s /m 2), an  acqu is i t ion  p a ram ete r  th a t  is no t  often  ec o n o m ic a l ly  o r  log is tically  
feasib le .  T h e  l im ita tions on data  dens i ty  a l te rna t ive ly  cons ider  o the r  ac qu is i t ions  resu lt ing  
in 1-2 re tu rns /m  , w h ich  are  practical an d  app l icab le  in the  large an d  d ive rse  la ndscapes  
o f  w es te rn  N orth  A m erica .
A  se co n d  app roach  to  spec ies  iden tif ica tion  is to  exp lo it  d if fe rences  in the  
re f lec tiv i ty  o f  ta rge ts  vis a vis  (in rela tion  to/in  regard  to)  ana lys is  o f  la ser  in tensity  data. 
T h e  latter  ap p ro a ch  is concep tua l ly  ve ry  p rom is ing ,  bu t  is p la g u ed  w ith  uncer ta in t ies  
rega rd ing  separa tion  of b iophysica l  signal from  noise. T h e  pass ive  op tica l  rem ote  
sens ing  li tera ture  c learly  sh o w s the  p resence  o f  spec ies- leve l  d if fe ren ce s  in re f lec tiv i ty  at 
la ser  w a v e le n g th s  (K n a p p  and  C arter ,  1998; C lark  e t  al., 2 003 ;  C a s tro -E sa u  e t  al.,  2006) .  
an d  m a p s  o f  laser  in tensity  da ta  d ep ic t  in tu itive rep resen ta t ions  o f  b iophys ica l  p roper t ie s
like landcover.  Collec tive ly ,  fou r  stud ies  h av e  sh o w n  tha t  d o m in a n t  an d  ind iv idual  tree 
spec ies  can be d is t ingu ished  at a  s tand  and  tree levels us ing  a  co m b in a t io n  o f  th e  s tandard  
dev ia tion  o f  laser  ref lec tion  intensity, first,  and  s ingu lar /s ing le  re tu rns  (S ch re ie r  et al., 
1985; H o lm g ren  and  Persson ,  2004 ; M offie t  et ah ,  2005 ; 0 r k a  e t  ah ,  2007).  H ow ever ,  
resu lts  w ith  h igh  accu racy  are  lim ited  to  c lass i fy ing  b e tw een  co n ife r  an d  d e c id u o u s  tree 
species ,  an d  additiona l research  is necessa ry  to  fo rm u la te  e ffec tive  m e th o d s  for 
d isc r im in a t in g  am o n g  co n ife r  species. In add it ion ,  th e  in tensity  da tase ts  used  fo r  these  
s tud ies  are p roduced  by  a  system  opera ting  w ithou t au tom atic  ga in  contro l (A G C ).  A G C  
is a m e th o d  o f  on - the-f ly  in tensity  ad ju s tm e n t  used by th e  L eica  A L S 5 0  to ad ju s t  
reco rded  ta rge t in tensity  va lues  fo r  var ia t ions  in s lant range ,  f ly ing  heigh t,  an d  sys tem  
A G C  gain  (L e ic a  G eosys tem s ,  2008 )  an d  it has  a  no n l in ear  e ffec t  on  the  o u tp u t  ta rge t 
in tensity  (K orpe la ,  2008).  C o m p le x  te rra in ,  large en v ironm en ta l  g rad ien ts ,  an d  m ixed  
spec ies  co m p o s i t io n /  fo rest s truc tu re  com p lic a te  c lassifica t ion  o f  veg e ta t io n  properties .
T ree  spec ies  da ta  is essential in fo rest ecosys tem  m a n ag e m en t ,  inc lud ing  
inventory ,  fo rest m ode l ing ,  and  w ild life  h ab i ta t  an d  ca rb o n /b io m a ss  es t im a tion .  F ro m  an 
ec o n o m ic  perspective ,  trees  o f  d if fe ren t  spec ie s  h ave  d if fe ren t  v a lu es  an d  uses. 
A dd it iona l ly ,  site p roductiv ity  can  be co rre la ted  to spec ies  c o m p o s i t io n  an d  p red ic t ions  o f  
fo rest g ro w th  and  m a p p in g  o f  a b u n d a n ce  pat terns  often  requ ire  such  data .  F or  ex a m p le ,  
h ab i ta t  type  c lass if ica t ion  and  forest d is tu rbance ,  inc lud ing  f ire h is to ry  in the  no r thern  
R ock ie s  h ave  been  d is t ingu ished  us ing  spec ie s  c o m p o s i t io n  a t  d if fe ren t  sca le s  (A rno ,
1979; P fis ter  et ah ,  1977; F ische r  and  B rad ley ,  1987). Indeed,  the  im p o r ta n ce  o f  spec ies  
in fo rm ation  is apparen t ,  a s  ind icated  by m a n y  w ell -d o c u m en ted  s tud ies  ran g in g  from  
p red ic tions  o f  spec ies  co rre la tions  w ith  eco log ica l  fac tors  such as  to p o g ra p h y  an d  soil
c o m pos i t ion  to  c l im a te  change  (Soll ins ,  1998; H ansen  and  Dale , 2001 ; Iverson  and 
P rasad . 2001).  A dd it iona lly ,  spatial and  s tructura l charac ter is t ics  o f  tree  spec ie s  ob ta ined  
using  bo th  field and  rem o te  sens ing  da ta  can  prov ide  essential in fo rm ation  fo r  forest 
m a n a g e m e n t  and  research.
C urren tly ,  essentia l tree and  stand data ,  inc lud ing  d iam eter ,  species ,  c a n o p y  co v e r  
an d  location  are  ob ta ined  using  field m e asu rem en ts  co m b in ed  w ith  rem o te  s e n s in g  data. 
Such  da ta  are in tegrated  in prec is ion  forestry  app l ica tions  u s ing  ad v a n c e d  in fo rm ation  
te ch n o lo g y  (B ecker ,  2001).  A dd it iona l  es tim ates ,  inc lud ing  s tem  dens i ty  and  v o lu m e  are  
de r ived  from  a l lom etric  equa t ions  an d  corre la t ive  functions,  w h ich  a re  usua l ly  spec ies  
specif ic .  F rom  th is  perspective ,  there  is a crit ical need  to  d e v e lo p  m e th o d s  o f  es t im a tin g  
fo rest pa ra m e te rs  from  laser  m e asu rem en ts  o f  he igh t tha t  are  app l icab le  to m ixed  co n ife r  
forests  ac ross  a  range o f  s truc tu res  and  densities .  Ideally , these  es t im a tes  w o u ld  o c c u r  at 
the  sca le  o f  individual tree to  fac ili ta te  m o re  p rec ise  forest m a n a g e m e n t  activ ities.
T h e  p r im ary  research  ac tiv i t ie s  inves tiga ted  in th is  d isser ta t ion  are: (1 )  to  assess  
th e  ab i l i ty  o f  low  dens ity  (<  1 re tu rn /m 2) a irbo rne  laser  scann ing  to  iden tify  tree  species ,  
and  (2) to dev e lo p  a m e th o d o lo g y  to m a p  the  spatial d is t r ibu t ion  o f  spec ie s  on  a large 
landscape  (e.g.,  L u b rech t  E xper im en ta l  Forest,  M on tana)  w ith in  the  co n s tra in ts  o f  the  
iden tif ica tion  m ethodo logy .
In o rd e r  to  m e e t  specif ic  goals  and  a c co m p lish  explic i t  ob jec t ives  in these  
research  areas, fundam en ta l  in fo rm ation  o f  laser  scann ing  d a ta  and  spec ie s  charac te r is t ic s  
are  investiga ted .  First,  laser  in tensity  an d  its in f luencing  fac tors  are  ex a m in e d ,  bec au se  
each  laser  sy s tem  has d if fe ren t cha rac ter is t ic  su b se q u en t  to  qual i ty  o f  da tase ts  p ro duced  
(C h ap te r  2). T w o  sets  o f  in tensity  data  de l inea ted  f rom  M S O  an d  LE F  sa m p le s  are
eva lua ted  using general  statistical m etr ics ,  inc lud ing  m ean ,  s tandard  dev ia tion ,  m a x im u m  
and  m in im u m , an d  coeff ic ien t  o f  varia tion .  In tensity  va lues  are  p lo tted  ag a in s t  scan  ang le  
c lasses  to o bse rve  trends. In o rd e r  to  a s sess  the  A G C  effect,  in tensity  n o rm al iza t ion  is 
p e r fo rm ed  us ing  an  ex is t ing  m e thod .  R aw  and  no rm al ized  in tensity  data  are  co m p ared  
an d  the ir  var ia t ions  are  used  to eva lua te  the e ffec tiveness  o f  no rm aliza tion .  A  s im ple  
landscape  c lassificat ion  is a lso p e r fo rm ed  on  the  norm al ized  da ta  to  ev a lu a te  the  potentia l 
utility o f  the  data  fo r  classification . T h e  nex t s tep  is to  ex a m in e  the  e ff icacy  o f  laser- 
d e r ived  da ta  fo r  d isc r im ina t ing  tree spec ies  at d o m in a n t  spec ies  an d  ind iv idual tree  levels 
(C h ap te r  3). L ase r  der ived  s tructural var iab les  are  used  in add i t ion  to  in tensity  m e tr ic s  to 
d isc r im ina te  be tw een  species  found  d o m in a n t  in LEF. A n  ac cu rac y  a s se ss m e n t  o f  resu lts  
f rom  a  L inear  D isc r im inan t  A na lys is  (L D A )  is p roduced  us ing  f ield  da ta  (p lo ts)  co l lec ted  
in 2 006  and  2007 .  F inally , the  spatia l d is t r ibu t ion  o f  spec ies  is g en e ra ted  a t  0 .04  ha 
reso lu t ion  (C h ap te r  4). A  subse t  o f  var iab les  used  in L D A  a t  th e  p lo t level is ap p l ied  to 
c lass ify  spec ies  us ing  a  M a x im u m  L ike l ihood  C lass if ica t ion  m e thod .  C lass if ica t ion  
ac cu rac y  is ca lcu la ted  using tw o  d if fe ren t  datase ts ,  a  s tand  da tabase  an d  a  p e rm a n en t  
f ixed -p lo t  inven to ry  datase t.  R esu lts  o f  c lass if ica t ion  and  ac cu rac y  a s sessm en t  are 
prov ided  for fu rther  app l ica tions  and  im provem ents .
B o th  laser  and  spec ies  charac ter is t ics  a re  key  c o m p o n e n ts  in th is  research .  
There fo re ,  the  d iscuss ion  is ex p a n d ed  to  add ress  the  fo l lo w in g  ques tions :  W h a t  are  the  
fu n d am e n ta l  charac ter is t ics  o f  the  laser  in tensity  da ta?  W ha t are  the  m o s t  p ro m in e n t  
fac tors  con tr ibu ting  to its qua l i ty?  W hich  crit ical in fo rm ation  g en e ra ted  by laser  sy s tem s  
is po ten tia l ly  usefu l fo r  landscape c lass i f ica t ion?  W hich  tree  a t tr ibu tes  a re  d is t inc t ive  to 
an  ind iv idual spec ie s?  H o w  can  tree charac ter is t ics  be identif ied  us ing  a la ser  da tase t?
Although each question has a specific response, they collectively encom pass the body o f  
work described in the following four chapters. The research focuses on the classification 
o f  the four species. Douglas-fir (Pseudotsuga menziesii), ponderosa pine (Pinus 
ponderosa), lodgepole pine {Pinus contortd), and western larch {Larix o c c id e n ta l)  
located in western M ontana coniferous forests. It does not a ttempt to evaluate differences 
in species spectral characteristics between data collected in the field and laboratory.
Background
Knowledge o f  species is important related to laser altimetry m easurements o f  
trees, because the laser’s native measurement o f  height is often used to derive secondary 
forest attributes such as diameter and volume with equations that are species specific.
The capability o f  laser altimetry or lidar (Light Detection and Ranging) in providing three 
dimensional measurements is advantageous compared to traditional remote sensing 
techniques, which only offer horizontal information. In recent years, the application o f  
airborne laser scanning systems for obtaining landscape surface characteristics has 
increased significantly. Many early laser applications focused on retrieving vertical 
terrain distribution across landscapes (Krabill et al., 1984; Krabill et al., 1995; Kraus and 
Pfeifer, 1998). The high accuracy (<15 cm) o f  producing surface features is achievable 
and it could be improved depending on the system, methodology used, and topographic 
conditions (Krabill e ta l . ,  1984; Schreier et al., 1985;Bufton e ta l . ,  1991; Krabill et al.. 
1995).
Lidar applications have become increasingly important in forestry, especially for 
generating vegetation parameters, such as crown dimension, stem height and density.
Stand character is t ics ,  inc lud ing  v o lu m e  can  be der ived  using  both large (5-25 m ) and  
sm all (<  2 m ) foo tp rin t  laser  sys tem s  (Lefsky  et al.,  1997; N aesse t ,  1997, M a g n u sse n  and  
B o u d e w y n ,  1998, L efsky  et al.,  1999; M eans ,  2000).  The  im p ro v e m en t  o f  stem 
de l inea tion  a lgo r i thm s o p en s  a  possib ili ty  to es t im a te  tree  a t tr ibu tes  at ind iv idual tree 
scales. Several tree identif ica tion  m e thods  can  g en e ra te  a  h igh  ac cu rac y  fo r  separa ting  
ind iv idual tree  w h en  laser  data  is used in co n junc t ion  w ith  aeria l p h o to g rap h y  o r  near- 
infrared  (N IR )  im agery  (Persson  et al.,  2002 ; P opescu  et al., 2003) .  P ersson  et al (2 002 )  
used  a se g m en ta t io n  m e thod  by crea ting  digital ca n o p y  m ode l (D C M )  f rom  laser  da ta  and  
a p p ly in g  a  pa rabo lic  su rface  fit t ing  on th e  N IR  im ages  to  separa te  ea ch  s tem . T h e  m ethod  
w a s  ab le  to  d e tec t  m o re  than  7 1 %  o f  ind iv idual trees  in the  s tudy  site and  m o re  than  9 1 %  
o f  s tem  vo lu m e s  w ere  es t im a ted  w h en  u n de tec ted  sm all t rees  w ere  rem o v e d .  P o p esc u  et 
al. (2 003)  used  tw o  var iab le  w in d o w  size  (Local M a x im a )  tech n iq u e s  ( sq u are  an d  c ircu lar  
w in d o w s)  fo r  de l inea t ing  tree  c ro w n  d iam eters .  T h e  R 2 v a lu es  p ro duced  by  these  m e th o d s  
ranged  f rom  0 .62-0 .63  for d o m in a n t  trees  an d  cou ld  be im p ro v ed  in d e c id u o u s  s tands  
w h e n  le a f -o f f  v is ib le  im agery  w as  fused w ith  the  lidar da ta  (R 2 im proves  by  10% ) an d  in 
th e  co n i fe r  trees  (R increases  to  11%). Severa l resea rche rs  h ave  inves tiga ted  the 
possib il i ty  o f  using  laser  data  a lone  fo r  the  individual tree  detec tion  (P o p e scu  an d  W ynne .  
2004 ;  H o lm g ren  an d  Persson , 2004 ; R ow ell  e t  al.,  2009).  R ow ell  et a l .(2009 )  ap p l ied  a 
co m b in a t io n  o f  v a r ia b le -w in d o w  local m a x im a  (L M )  fil tering  (P o p e scu  an d  W ynne .
2 0 0 4 )  and  n e ig h b o rh o o d  ca n o p y  he igh t va r iance  and  return  dens i ty  (R ow ell ,  et al. 2006 )  
on  th e  laser  da tase ts  used in th is  research .  R ow ell  et al. (2009)  found  tha t  th e  a lg o r i th m  
p ro d u ce d  a roo t  m ean  square  e r ro r  (R M S E )  o f  17.36 s tem s (4 6 .8 % ) fo r  o v e rs to ry  and
in te rm ed ia te  trees  ac ross  all s truc tu re  types  w ith  m uch  bet ter  resu lts  fo r  ce r ta in  ca n o p y  
s tructures  and  c ro w n  classes.
T ree  spec ies  identif ication  is im portan t  in forest inventory  su b se q u e n t  to fo rest 
ec o sy s te m  m a n a g e m e n t  and  laser datase ts  p rov ide  m o re  a d v a n ta g es  than  tw o  d im e n s io n a l  
im ages .  C a n o p y  structure , in tensity  and  co m b in a t io n  o f  bo th  have  been  inves tiga ted  for 
spec ies  d isc rim ina tion .  S ch re ie r  e t  al. (1985)  first op en e d  up  possib il i t ies  fo r  tree  spec ies  
iden tif ica tion  us ing  laser in tensity  data. T h ey  investiga ted  laser  ref lec tion  an d  ref lec tion  
var iab il i ty  m e asu rem en ts  in m ixed  forests ,  and  dem o n s tra te d  the  use  o f  N IR  e n e rg y  from  
laser  sc an n in g  fo r  vege ta tion  type  identification . T h ey  found  a s ign if ican t  d if fe rence  in 
return  in tensity  be tw een  pure  b ro a d le a f  an d  con ife rous  forests ,  bu t  the  s tudy  w as  
d es ig n ed  fo r  stand  level species  identif ica tion ,  and  th e  reso lu t ion  w as  no t h igh  en o u g h  to 
identify  spec ies  at a  tree  level due  to  l im ita tions o f  ea r ly  lidar techno logy .
T h e  d if fe rence  in ca n o p y  s tructure  o f  ind iv idual tree  spec ies  has  been  e x p lo re d  in 
d if fe ren t  fo re s t  regions.  In N o rth  A m eric an  forests ,  B rand tberg  et al. (2 003 )  separa ted  
oaks ,  red m ap le  and  y e l lo w  p op la r  us ing  lea f -o f f  data. T h ey  sugges ted  tha t  v a r ia t io n s  in 
s tructural cha rac ter is t ics  o f  these  spec ies  w ere  o b se rved  on  laser  re turns.  The  
c lass if ica t ion  ac cu rac y  o f  6 0 %  w as  im p ro v ed  to  6 4 %  w h en  a  m a them atica l  no ta tion  w as  
in troduced  for g ro u p in g  laser  re tu rns  (B rand tbe rg ,  2007).  In S cand inav ian  borea l  forests ,  
H o lm g ren  and  Persson  (2004)  sh o w ed  th a t  sp ruce  and  pine can  be d isc r im in a ted  in by 
c a n o p y  shape  (con ica l  versus  el liptical c row ns)  w h ile  in G erm a n y ,  R e itbe rger ,  e t  al. 
(2 006 )  d em o n s tra te d  tha t  sp ruce  and  beech  can be identif ied  u s ing  the  s im ila r  m e th o d  
(c ro w n  shape).
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Species  identif ica tion  is poss ib ly  im proved  using a co m b in a t io n  o f  in tensity  and 
ca n o p y  d im e n s io n  m easu rem en ts .  H o lm g ren  and  Persson  (2004)  dev e lo p ed  an  app roach  
to  d isc r im ina te  be tw een  p ine and  sp ruce  us ing  both lidar in tensity  data  and  shape  o f  tree 
c ro w n s  on  an ind iv idual tree level. T h ey  found  the  p roportion  o f  re tu rns  tha t  w ere  located  
ab o v e  c ro w n  base  height,  s tandard  dev ia tion  o f  the  in tensity  o f  the  re tu rned  pu lses ,  and  
the  proportion  o f  first re turns are  useful var iab les  fo r  spec ies  identif ica tion .  T h e i r  results  
p resen ting  a  h igh  accu racy  (9 5 % ) o f  c lassificat ion  fo r  Sco ts  p ine an d  N o rw a y  spruce ,  
aga in  dem o n s tra te  tha t  us ing  laser in tensity  and  in tensity  var ia t ion  is p rom is ing  fo r  
spec ies  identif ica tion .  H ow ever ,  the ir  s tudy  w as  con d u c te d  in the  fores ts  w ith  spa rse  low  
vege ta tion ,  and  used high density ,  sm all foo tp rin t  L ID A R  im ages  tha t  w ere  o b ta in ed  from  
a he l icop te r  m o u n te d  laser system , w h ich  is no t o f ten  cos t-e ffec tive  fo r  forestry 
app lica tions .  'I he usability  o f  the ir  data  ana lys is  app roach  is thus  uncer ta in  w h e n  app l ied  
to da tase ts  der ived  f rom  d ifferen t  fo rest c o m m u n it ie s  us ing  d if fe ren t  la ser  sys tem s.
S im ila r ly  to H o lm g ren  and  P ersson  (2004),  M offie t  e t  al. (2 005 )  used  the  
p ropo rt ion  o f  vege ta tion  laser  re tu rns  (vege ta tion  perm eab il i ty )  and  s in g u la r  vege ta tion  
re tu rns  to  identify  spec ie s  be tw een  W hite  C ypress  P ine  an d  P op la r  Box. T h e  ac c u ra c y  o f  
the ir  a s se ssm en t  w as  77% , an d  they  found  the  proportion  o f  s ingu lar  re tu rns  con tr ibu ted  
m o s t  o f  th e  d isc r im ina to ry  pow er .  H ow ever ,  th is  result  w as  fo r  the  " d o m in a n t  sp e c ie s”  in 
th e  stand, and  they  found  tha t  a  c lea r  d is t inct ion  b e tw een  these  tw o  spec ies  w a s  no t 
a lw a y s  v isua lly  ob v io u s  at an individual tree level. A lth o u g h  the ir  s tudy  su ccess fu l ly  
d isc r im in a ted  d o m in a n t  tree  species ,  th e y  con f irm ed  tha t  the  a v e rag e  re turn  in tensity  and  
s tandard  dev ia t ion  o f  re turn  in tensity  are  h igh ly  affec ted  no t on ly  by the  ref lec tive  
p roper t ie s  o f  the  vege ta tion ,  but a lso  forest s tructure  such  as tree heigh t.  T h ey  a lso  d re w  a
conc lus ion  tha t  the  inc iden t N IR  pulse  in tensity  needs  to  be reasonab ly  cons tan t  over  
t im e  and  space in o rd e r  to m in im ize  no ise  effects.
T h e  app lica tion  o f  laser  da tase ts  fo r  d isc r im ina t ing  tree  spec ies  rem a in s  im portan t  
in forest m a n a g e m e n t  ac ross  d if fe ren t  ecosystem s.  T w o  rec en t  s tud ies  em p h as ize  the  
use fu lness  o f  lidar da tase ts  fo r  iden tify ing  con ife r  and  d ec id u o u s  tree spec ie s  ( 0 r k a  e t  al., 
2007 ; K im , 2007).  0 r k a  et al. (2 007 )  found  tha t  laser in tensity  cou ld  be usefu l for 
separa t ing  spruce,  birch, an d  aspen  trees  in N o rw e g ian  forests .  T h e y  a lso  su g g e s ted  that 
in tensity  var iab les  de r ived  from  d if fe ren t  re turns affec ted  th e  cu rren t  overa ll  ac cu rac ie s  
(6 8 -7 4 % )  up  to  4 %  d epend ing  on the  va r iab le  com bina t ion .  K im  (2 007)  used  lidar and  
aerial pho to g rap h s  to  d isc rim ina te  be tw een  tw o  g roups  o f  co n ife rous  and  b ro ad le av e s  
spec ies  in w es te rn  N orth  A m eric an  forests .  T w o  lidar acqu is i t ions  ( leaf-on  and  leaf-off)  
w ere  used  in the  s tudy  an d  it w as  found  tha t  in tensity  m etr ics  de r ived  f ro m  th e  le a f -o f f  
da ta  p ro duced  the  best d isc rim ina tion  o f  the  tw o  spec ies  g roups.
It is a w e l l -k n o w n  fac t  tha t  heigh t varia t ion  o f  trees  affec ts  the  re f lec tance  va lues  
o f  laser  in tensity  and  needs  to  be taken  into ac co u n t  w h en  used  fo r  spec ie s  iden tif ica tion  
(G a v e a u  and  Hill,  2003 ; S t-O nge ,  1999; M ag n u ssen  and  B o u d e w y n ,  1998). T re e  age  is 
an o th e r  fac to r  tha t  cou ld  heav ily  a ffec t  th e  laser  in tensity  because  it c a u se s  d if fe ren t  le a f  
s tructure  w h ich  a lso  contro ls  the  N IR  le a f  re f lec tance  (Jac q u em o u d  e t  al.,  1996; S im s  & 
G a m o n ,  2003 ; R icha rdson  et at.,  2003).  W hile  genera lly ,  th e  spectra l p roper t ie s  o f  trees  
a re  m o re  eas ily  d if fe ren tia ted  in the  N IR  than  v is ib le  reg ion  (W il l iam , 1991), th e y  are 
often  affec ted  by ca n o p y  and  s tem  structures ,  an d  by the  t im ing  o f  da ta  acqu is i t ion .  F or  
ex a m p le ,  us ing  hyperspec tra l  da ta  app l ied  in central S ierra N ev a d a ,  G o n g  e t  al. (1997)
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found  tha t  the v is ib le  bands  p ro d u ced  s tronger  d isc rim ina ting  p o w e r  than  the  N IR  bands. 
They no ted  that the sunli t  data  a lone  p roduced  overa ll  accu rac ie s  g rea te r  than  91% .
D if fe rences  in laser  sys tem s  can  also  in fluence intensity. S ys tem s  th a t  record  
in tensity  d irec tly  fo llow ing  pu lse  detec tion  by  the  sen so r  p roduce  raw  in tensity ,  in w h ich  
a  w eak  rece ived  signal has  low  intensity, an d  a s trong  signal exh ib its  h ig h e r  in tensity . O n  
the  o th e r  hand , a  sy s tem  opera ting  w ith  au tom at ic  gain  contro l  (A G C ),  such  as the 
da tase ts  used for th is  research, gene ra te s  in tensity  ad ju s ted  to va r ia t ions  in s lan t  range ,  
f ly ing  he igh t and  system  gain  v a lue  (L e ic a  G eo sy s tem s ,  2008).  Severa l s tud ies  indicate  
tha t  th e  ad ju s tm e n t  has  non - l inear  e ffec t  due  to  the  in tensity  variab ility  o f  ta rge ts  an d  the 
A G C  a d ju s tm e n t  is of ten  not sa tisfac tory ,  e spec ia l ly  fo r  a ta rge t  h av in g  low  signal 
am p litude ,  w h ich  is dom ina ted  by  no ise  (M il le r  an d  W agner ,  1987; A d am s ,  1992; 
K orpe la .  2008).  D iffe ren t  in tensity  n o rm al iza t ions  are  n eeded  to  re m o v e  o r  m in im iz e  
such  effects .
In su m m ary ,  the  m ain  f ind ings  f rom  p rev io u s  s tudies  are  (1) la ser-der ived  
s tructural an d  in tensity  var iab les  are  useful fo r  tree  spec ie s  identif ica tion ,  (2) d is t r ibu t ions  
o f  in tensity  f rom  vege ta tion  do  not so le ly  rep resen t spec ies-spec if ic  ref lec tiv ity ; (e.g.. 
co n fo u n d in g  effec ts  such as tree height,  tree  age, m o is tu re  s ta tus  and  o th e rs  m a y  need  to 
be addressed ) ,  an d  (3) in tensity  values are  d if fe ren t  be tw een  laser  system s.
Pro ject Goals
T his  s tudy  exp lo res  the  possib il i ty  o f  us ing  low  dens ity  (<  1 re tu rn /m 2) laser  data  
fo r  spec ies  c lassificat ion  an d  investiga tes  th e  fo llow ing  ques tions:  C an  a i rb o rn e  laser  data  
be used  to  d isc rim ina te  b e tw een  four p rim ary  co n ife r  spec ies  in m ix e d  fo re s ts?  C an
13
spec ies  be m apped  at individual tree an d /o r  d o m in a n t  spec ies  levels  (at h igh  reso lu t ion)  
suffic ien t  to  m eet the  needs  o f  forest invento ry -re la ted  app l ica tions?
W ith  regard  to the  charac te r is t ics  o f  laser da ta  and  tree species ,  an d  in o rd e r  to 
ga in  a m ore  c o m p re h en s iv e  perspec tive  o f  the  c lassificat ion  process ,  the  resea rch  will 
co n d u c t  ana lyses  to  address  the  fo llow ing  th ree  goals:
1) E xp lo re  the  fundam en ta l  charac te r is t ics  o f  laser  sc an n in g  data ,  inc lud ing  in tensity  
an d  the  in f luencing  aspec ts  (noise)  and  perfo rm  in tensity  n o rm al iza t ion  to 
r em o v e /m it ig a te  noise.
2) D ev e lo p  a  m e th o d o lo g y  for iden tify ing  spec ies  at ind iv idual tree  an d  d o m in a n t  
spec ies  levels  and  prov ide  an  accu racy  assessm ent.
3) D ev e lo p  a  m e th o d o lo g y  fo r  im p lem en ting  c lass if ica t ion  at landscape  level and 
desc r ibe  the  spec ies  d is t r ibu t ion  w ith in  the  L ubrech t E xper im en ta l  F o res t  o f  T h e  
U n ivers i ty  o f  M ontana.
Specific  ob jec t ives  are  p resen ted  and  add ressed  on  a  per -chap te r  bas is  in the  su b se q u en t  
chap te rs .  E ach  ch a p te r  p rov ides  o verv iew , bac k g ro u n d ,  m e th o d o lo g y ,  results ,  d iscuss ion ,  
an d  re fe rences  fo r  each s tage  o f  the  ana lys is .  C h a p te r  tw o  is p r im arily  e x p lo ra to ry  and  
ch a p te rs  th ree  and  four are  co ns idered  as the  pr im ary  a s sessm en ts  tha t  p ro d u ce  the 
spec ie s  d is t ribu t ion  m ap. It is im portan t  to  a c k n o w led g e  tha t  a l te rna t ive  m e th o d s  o f  
spec ie s  d isc r im ina t ion  are  no t  eva lua ted  fo r  ef f icacy /eff ic iency  in th is  d isser ta t ion .
Rather,  a  m e thod  is p roposed ,  p resen ted ,  and  eva lua ted  based  on  ex is t ing  literature, 
flexibili ty , and  ease-of-use .  The  w o rk  se rves  as  a useful po in t  o f  d ep a r tu re  fo r  addi t iona l  
inves tiga tions ,  as ou tl ined  in C h a p te r  five.
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C H A P T E R  2
E x p l o r a t o r y  A n a l y s i s  o f  A i r b o r n e  L a s e r  S c a n n i n g  I n t e n s i t y
A b str a c t
A n increas ing  n u m b e r  o f  app l ica tions  o f  a irborne  laser sc an n in g  fo r  land -cover  
c lassificat ion  rely on  bo th  s tructura l and  in tensity  charac te r is t ics  o f  fea tures .  M an y  
p rob lem s o f  using  a irborne  laser  scann ing  (A L S )  in tensity  da ta  h ave  been  repo r ted  and  
d if fe ren t  te ch n iq u e s  are  being  expe r im en ted  w ith  to m in im ize  them . T h is  ch a p te r  
exp lo re s  in tensity  gene ra ted  by Leica  A L S 5 0  laser data  and  its in f luencing  factors ,  
inc lud ing  A u to m a t ic  G ain  Con tro l  (A G C )  and  range  (scan  angle) .  T w o  da tase ts  are  
de l inea ted  from  d if fe ren t  acquisi tions,  o n e  in an  urban  se tt ing  (M S O  airport) ,  the  o the r  in 
a natura l se tt ing  (LEF).  S im ple  variab les  are  eva lua ted ,  inc lud ing  m in im u m , m a x im u m , 
m ean  an d  s tandard  dev ia tions  o f  intensities.  F o llow ing  n o rm al iza t ion  and  eva lu a t io n  o f  
its effect,  in tensity  is used to c lassify  the tw o  landscapes  u s ing  a  s im p le  th resho ld  
m e thod .  A sp h a l ted  m ater ia ls  exh ib i t  lo w er  in tensity  than  vege ta tion ,  an d  scan  ang le  is not 
re la ted  to  in tensity . T h e  uncorre la ted  in tensity  w ith  the  scan  ang le  is likely  du e  to the 
ga in  v a lue  ad ju s tm e n t  au tom at ica lly  app l ied  du r ing  acquis i tion .  In tensity  va r ia t ions  
p ro duced  by  A G C  can  be reduced  up  to 13%  for asphalt  m ater ia ls  and  - 3 %  fo r  natura l 
m a ter ia ls  fo l lo w in g  norm aliza tion .  T h ese  resu lts  support  o the r  s tud ies  and  e m p h a s iz e  the 
need  fo r  in tensity  co rrec t ion  prior to  b ro ad e r  applica tions .  O vera l l ,  in tensity  exh ib i ts  the  
po ten tia l fo r  d isc r im ina t ing  landscape covers .  H ow ever ,  the  th resho ld ing  m e th o d  us ing  
in tensity  a lone  is no t  adequa te  fo r  c lass i fy ing  the  landscape  and  add i t iona l  la ser-der ived  
var iab les  are  needed  for a  bet ter  result.
In troduc tion
In recen t years ,  the  use o f  a irbo rne  laser  scann ing  (A L S )  fo r  m e a su r in g  posit ional 
ta rge ts  has  been  g ro w in g  rapidly. A n  accu ra te  th ree  d im ens iona l  m e a su re m e n t  re lies  on 
the  capab i l i ty  o f  a laser sy s tem  to p rov ide  x ,y ,z  data  w ith  precise geo -con tro l .  In addi tion  
to  x ,y ,z  data, m ost  com m erc ia l  laser p roprie ta ry  sys tem s  p rov ide  in fo rm ation  on  scan 
ang le  and  ref lec tance  intensity, w h ich  have  been  investiga ted  for var ious  appl ica tions ,  
inc lud ing  geom etr ic  co rrec tion  (B urm an .  2000 ; M aas,  2002 ; V o sse lm an ,  2 0 0 2 )  and  
landscape c lassificat ion  (S ong  et al. 2002 ; Lutz  e t  al. 2003 ; H o lm g ren  and  Persson ,  2004 ; 
H asegaw a .  2006) .  S ong  et al. (2002)  found  tha t  asphalt ,  roof, trees, an d  g rasses  w ere  
separab le  by ap p ly ing  in tensity  in te rpolation  and  fil tering  m e th o d s  (n o t  spec if ied ) .  T h ey  
sugges ted  tha t  the  obse rved  7 0 %  c lassificat ion  ac cu rac y  cou ld  be im proved  by  correc t ing  
fo r  no ise  de r ived  f rom  scan  ang le  varia tion .  S im ilar ly ,  L u tz  et al. (2 003)  ind ica ted  that 
su rface  c lasses  w ere  d is t ingu ishab le  as the ir  in tensity  va lues  are  d iffe rent,  bu t  no te  tha t  
the  sc an n in g  geom etry ,  inc lud ing  foo tp rin t  size, range ,  and  inc idence  ang le  w ere  fac tors  
d ec reas in g  in tensity  va lues  s ign ifican tly .  T h ey  r e c o m m e n d e d  tha t  these  effec ts  can  be 
m in im ized  by  ap p ly ing  an  in tensity  co rrec tion  based  on scan  ang le  an d  f ly ing  height.  
A dd it iona l ly ,  they  no te  tha t  an y  co rrec tion  should  cons ider  th e  c o m p le x  l idar-ta rge t 
in te raction ,  as d if fe ren t surface  types  m ay  exh ib i t  s im ila r  in tensity  va lues  tha t  s im ple  
co rrec t ion  m ay  no t be ad equa te ly  add ress  the  noise . H a se g a w a  (2006)  found  tha t  in tensity  
co rrec tion  u s ing  a d if fuse  reflec tion  m ode l w as  difficult  as sh o w n  by u n ch a n g ed  in tensity  
va lues  o f  n e w  asphalt ,  b r ick  and  grass, even  th o u g h  va lues  o f  o ld  asphalt ,  c e m en t ,  roof, 
and  soil tile d ec l ined  as scan  ang le  increased. T h ese  s tud ies  indicate tha t  in tensity
exh ib its  a  potentia l fo r  d if fe ren t  uses, but the  sa m e  s tudies  a lso  sugges t  tha t  p r io r  to  b road 
app l ica tions ,  factors affec ting  in tensity  shou ld  be accoun ted  for and  m in im ized .
W hen  the  laser em its  light to w ard  a ta rge t th rough  the  scanner,  it is re f lec ted  back 
by the  ta rge t  and  the  re turned  beam  (echo)  is cap tu red  by the receiver. E ach  pu lse  can 
have  m ult ip le  echo /re tu rns  d ep e n d in g  on  the  ta rge t an d  foo tprin t coverage .  F u rthe r  
in fo rm ation  regard ing  the  principal m ech a n ism  o f  laser  scann ing  can be fo u n d  in several 
pub lica t ions  (B alsav ias ,  1999; W e h r  and  Lohr,  1999). B ecau se  o f  the  inability  o f  the  A L S  
sys tem  to  g ene ra te  real t im e  accu racy  o f  th e  ta rge t  3D  m easu rem en t ,  th e  reco rded  da ta  is 
syn c h ro n iz ed  du r ing  post p rocess ing  w ith  co rresp o n d in g  da tase ts  gen e ra te d  by both 
d if fe ren tia l global pos it ion ing  sys tem  (D G P S )  an d  inertial nav iga tion  sy s tem  (IN S ) 
installed  on  the  co llec tion  p la tfo rm  o r  aircraft .  D G P S  reca lcu la tes  the  posit ion  d if fe rence  
b e tw een  the  aircraft  and  the  ta rge t w hile  INS m e asu res  the  laser  o r ien ta t ion  a lo n g  th ree  
axes  and  the  an g u la r  acce le ra tion  o f  th e  p la tform . This  p rocess  resu lts  in g eo re fe renced  
c o o rd in a te s  (x ,y ,z) o f  each  recorded  pu lse  ad jus ted  to a  re ference  coo rd ina te  system .
M e an w h ile ,  in tensity , w h ich  is a p ropo rt ion  o f  the  pho to n  n u m b e rs  im posed  on 
th e  de tec to r  (B alsav ias ,  1999) and  recorded  as a  function  o f  signal s treng th  fo r  each 
return , is conve r ted  into a digital n u m b e r  (D N ). S o m e  sys tem s  p roduce  d if fe ren t 
m e a su re m e n t  va lues  to  rep resen t the  level o f  in tensity , e .g., Leica  G e o sy s te m s  uses  8-bit 
reso lu t ion  (va lue  ranges  from  0-255),  w h ile  th e  O p tech  sys tem  p roduces  32-b it  reso lu t ion  
(va lue  ranges  f rom  0-8160).  It is w orth  no ting  tha t  m ost  p rov iders  do  no t p rov ide  de ta iled  
insigh t into th e  proprie ta ry  pu lse  detec tion  a lgori thm s.  In tensity  can  be a m e asu re  o f  
m a x im u m  am p li tu d e  o f  the detec ted  echo , o r  the  in teg ra l/average  o f  the  re tu rned  signal 
w id th  d e p e n d in g  on  sys tem s. F or  the  L eica  A L S 5 0  used in th is  s tudy , in tensity  is ad jus ted
to  varia tions in s lant range, fly ing heigh t an d  sys tem  gain  va lue  using  au tom at ic  gain  
contro l (A G C ).  M any  fac tors  a ffec t in tensity  including, foo tp rin t  size, range  and  
coverage ,  ta rge t roughness ,  and  ref lec tiv ity  (Jela lian , 1992; A y ta?  and  B arshan ,  2005).
A  m a jo r  d ifficu lty  in w o rk in g  w ith  laser ref lec tance  in tensity  is separa t ion  o f  
signal f rom  these  in f luencing  factors. R eflec ted  laser ene rgy  is o b se rv e d  by  a  laser 
se n so r ’s rece iv ing  op tics  as a w av e fo rm  o f  in tensity  tha t  v ar ie s  w ith  t im e.  A  sa m p le  o f  
the  w a v e fo rm  represen ts  a  ' ' r e tu rn ’' can  be separa ted  into single, first,  in te rm ed ia te  and  
last return. A s  such, its in tensity  is a function  o f  m any  var iab les  inc lud ing  the  laser  op tic s  
a n d  rece ive r  character is tics ,  t ransm itted  pow er ,  the  inc idence ang le ,  a tm o sp h e r ic  
a t tenua tion ,  and  the  path  length  (B al tsav ias ,  1999). A lth o u g h  in tensity  is no t  a ffec ted  by 
sh a d o w  effec ts  and  ch a n g in g  il lum ination  cond i t ions  due  to  the  sun posit ion  w ith  respec t  
o f  the  sensor,  c louds ,  etc. (W a g n e r  et al., 2006) ,  the  ta rge t charac ter is t ic  is a n o th e r  fac to r  
tha t  affec ts  in tensity  significantly . A  laser  pu lse  tha t  hits a  ve ry  low  ref lec tive  ta rge t  m ay  
not h ave  en ough  ene rgy  travel back  to th e  rece iver  to be recorded  as a ' 'c o m p le te ” pulse . 
O n  the  o th e r  hand , ta rge t size also de te rm ines  the  t ransm itted  pu lse  s trength .  It is 
proportional  to  the  laser  foo tp rin t  d iam ete r  coverage .  A dd it iona lly ,  the  ta rge t  su rface  
roughness  in f luences  the  pu lse  scatter ing  d irec tion ,  w h ich  u lt im ate ly  affec ts  th e  in tensity  
reco rded  by  the  sensor  (S te invall ,  2000).
L aser  sy s tem  d iffe rences  are  an o th e r  fac to r  in f luencing  in tensity .  In genera l ,  tw o  
te ch n iq u e s  are  used  to  record  intensity. First,  in tensity  is recorded  d irec tly  fo l lo w in g  the  
pu lse  de tec ted  by  the  sensor.  Severa l co m m erc ia l  laser  p rov iders  use  th is  m e thod ,  
inc lud ing  O p tec h  an d  Reigl. Second ,  in tensity  is ad ju s ted  to  va r ia t ions  in s lant range, 
f ly ing  he igh t and  sys tem  gain  value us ing  au tom at ic  ga in  contro l ( A G C )  an d  a  few
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c o m p an ie s  use  th is  techn ique ,  inc lud ing  Leica  G eo sy s tem s .  T h e  first m e th o d  takes  
ad v an tages  o f  s im plic i ty  and  purity  o f  the  pulse signal,  in w h ich  a  w e a k  rece ived  s ignal  is 
likely to  h ave  low  in tensity , and  a s trong  signal exh ib its  h igh in tensity . T h e re  is lack o f  
in fo rm ation  on  the  second  m e th o d  as to  w h e th e r  the  A G C  ad ju s tm e n t  is sa t is fac to ry  for 
d if fe ren t  applica tions.  Roth (2009) desc r ibes  tha t  fo r  th e  Leica  A L S 5 0  sys tem , the  A G C  
ad ju s tm e n t  takes  p lace  o nce  in every  12-16 laser  sho ts  and  it is p e r fo rm ed  au tom atica lly .  
A  few  stud ies  note th a t  the ad ju s tm e n t  has  a non - l inear  ef fec t  on  in tensity  d u e  to  the 
variab ili ty  o f  ta rge ts  (K orpe la ,  2008).  A dd it iona lly ,  the  A G C  d o es  not a lw a y s  p ro d u ce  an 
ac cep tab le  ad jus tm en t,  espec ia l ly  for a  ta rge t hav ing  low  signal am p li tu d e  th a t  is 
d o m in a te d  by  no ise  (A dam s,  2000 ; W a g n er  et al, 2004).  W ithou t ques t ion ,  m ore  
inves tiga tions  are  needed  from  d if feren t  en v iro n m en ts  to  fully unders tand  th e  in tensity  
metric .
O n e  o f  several techn iques  used to re m o v e  o r  m in im ize  no ise  is by  co r rec t in g  the 
in tensity  us ing  a ref lec tion  m odel.  T h is  can  be per fo rm ed  on  a  flat ta rge t,  a s su m in g  that 
th e  su rface  ta rge t is un iform  w ith in  foo tp rin t  d ia m e te r  and  th a t  its re f lec tance  fo llow s 
L a m b e r t ’s d iffuse  law. The  bas is  o f  th is  law u nder  such  cond i t ions  is th a t  in tensity  is 
p ropo rtional  to  th e  inc iden t ang le  and  dep e n d s  on ta rge t  ref lec tance  (W a g n e r  et al,  2006).  
E x p er im en ts  b ased  on  th is  a s sum ption  are  realistic in a  labora tory  (A yta?  and  Barshan .  
2005 ; Ju tz i an d  Stilla, 2006).  H ow ever ,  it is com plica ted  to  app ly  it at no rm al  sta te  in the 
field. F or  exam ple ,  C o ren  and  S tarzai (2006)  no ticed  tha t  a  var ia t ion  in inc idence  angle,  
w h ich  affec ts  the  d ive rg ing  beam  and  a tm o sp h e r ic  a t tenua tion ,  w ere  tw o  p r im a ry  factors 
in f luencing  laser  in tensity . T h ey  p er fo rm ed  a  rad iom etr ic  ca lib ra t ion  to  re m o v e  them  
using  an  exponen tia l  decay  function  (no  fu rthe r  in form ation).  R ecen tly ,  H ofle  an d  P fe ifer
(2 007 )  p roposed  tw o  m ethods ,  da ta-d riven  and  m ode l-d riven ,  to  es t im a te  the  bes t  
param ete rs  fo r  range norm aliza tion  us ing  a  least-squares  ad ju s tm e n t  an d  ca lcu la te  
in f luencing  fac tors  us ing  a  rada r  system  m odel respec tive ly .  T h ey  used  a irbo rne  laser 
da tase ts  acqu ired  at d if fe ren t heigh ts  and  found  tha t  bo th  m e th o d s  w ere  ab le  to  reduce  
in tensity  var ia t ion  and  geom etr ic  offse ts  be tw een  f ligh t strips. W hen  lidar da ta  is 
co l lec ted  from  s ignificantly  d if fe ren t  e leva tion  ranges ,  such  as in m o u n ta in o u s  
landscapes ,  the  e ffec t  o f  range d if fe rences  a lso  need  to be accoun ted  fo r  (B alsav ias  
1999). L u zu m  e t  al. (2004)  cons idered  the  signal loss d u e  path  length  var ia t ion ,  an d  it 
w as  necessa ry  to co m p en sa te  by  m u lt ip ly ing  the  raw  in tensity  by the  squa red  range ,  
d iv ided  by a  user-def ined  s tandard  range. C learly ,  m ore  s tud ies  are  n e e d ed  to  exp lo re  
in tensity  characteris tics ,  e spec ia l ly  us ing  datase ts  g en e ra ted  by  a  sy s tem  o p e ra t in g  w ith  
A G C .
T h e  p r im ary  goals  o f  th is  ch a p te r  are to unders tand  in tensity  and  h o w  A G C  
affec ts  the  in tensity , and  to eva lua te  the  e ffec tiveness  o f  in tensity  n o rm a l iza t io n  fo r  range  
(scan  angle)  an d  A G C . O bjec t ives  are: (1) to iden tify /quant ify  in tensity  cha rac ter is t ics  
an d  in f luencing  factors , inc lud ing  range (scan  ang le )  (2) to  norm al ize  in tensity  an d  to 
quan t ify  the  qual i ty  o f  no rm aliza tions ,  and  (3) to  use no rm al ized  da ta  to  c lassify  
landcove r  in bo th  urban  and  natura l se ttings inc lud ing  h o m o g e n eo u s  s tands  o f  D oug las -  
fir, p o n d ero sa  p ine , lodgepole  p ine and  w es te rn  larch.
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M ater ia ls  a n d  M ethods 
Study sites
The study  area  is located in and  around  the  M issou la  V alley ,  in w es te rn  M o n ta n a  
(46° 55 '  N  and  114° 05 W, elev. 973 m ) cons is t ing  o f  tw o  sites. T h e  first site is the  
M issou la  In ternational a irpor t  (M S O )  and  the  second  site is T h e  U n ivers i ty  o f  M o n ta n a ’s 
L ub rech t Exper im en ta l  F orest  (L E F ),  4 0  km  no r theas t  o f  M issou la  ( a p p ro x im a te ly  N  46° 
53 W  113° 27  , w ith  e leva tions  from  1160 to  1930 m). F igure  1 show s an  o v e rv ie w  o f  
the  s tudy  sites.
( a  ) M isso u la  In te rn a tio n a l A irp o rt (MSO) ( b  ) L u b re c h t E x p e rim e n ta l F o re s t  (LEF)
Figure  1. O v e rv ie w  o f  s tudy  area  w ith  f ligh t s tr ips and  sam p les  (red).
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L id ar  dataset
A L S  data  w ere  acqu ired  on Ju ly  27  and  A u g u s t  17, 2005 , an d  June  26 , 2006  us ing  
Leica  G eo sy s tem s  P roprie tary  A L S 50 .  A t  M S O , four f light s trips w ere  ob ta ined , th ree  o f  
them  are  sh o w n  in F igure  1. S trip  1 w as  acqu ired  at 1250 m ab o v e  m ean  te rra in  e leva tion  
(A M T E )  p erp en d icu la r  w ith  the  ru n w a y  (S o u th w es t-N o r th w es t)  w h ile  the  S trip  2 and  
Strip  3 w ere  scanned , at 750 m an d  1250 m respectively ,  in the  sa m e  d irec tion  as  the  
ru n w a y  (orien ted  to S ou theas t-N orthw est) .  A t LE F ,  54  f ligh t s tr ips w ere  ob ta ined  a t  the 
m ean  f ly ing  he igh t o f  1829 m eters  A M T E ,  m ean  a irspeed  w as  72 m/s, scan  rate w as  
35 K H z ,  an d  scan  ang le  w as  +35  degrees .  T h ese  param ete rs  resu lted  in an  a v e rag e  return  
dens i ty  o f -1  return  per  2 .29  n r  on  the  g round  (m ultip le  re turns and  s id e lap  resu lt  in up  
to  5 re tu rn s /m 2 d ep e n d in g  on  site), w h ile  a laser  beam  d iv e rg e n ce  o f  1 m rad  (1064  nm ) 
co m b in ed  w ith  f ly ing  heigh t resu lted  in an  av e rage  foo tp rin t  s ize  o f -  1 m 2. T h e  s ide lap  
w as  5 0 %  to  ensu re  com ple te  co v e rag e  o f  the  s tudy  area. A  m a x im u m  o f  fou r  re tu rns  for 
each  pu lse  w ere  recorded  d ep e n d in g  on  vege ta tion  heigh t an d  pu lse  re turn  ene rgy  
fo llow ing  first hits. A  C o n s tan t  Fraction  D isc r im ina to r  (C F D ) w as  used  to  p ro d u ce  a 
t im in g  m a rk  a t  the  ha lf-m ax  am p li tu d e  on the  lead ing  edge  o f  a  pu lse  (R o th ,  2007).  
In tensity  w as  m easu red  a t  the  peak  o f  the  re turn  pu lse  and  d ig it ized  as an 8-bit  value.
Each  return  passed  th rough  a th resho ld  logic ga te  befo re  a  C F D  tim ing  m a rk  w a s  ou tpu t.  
T h is  ga te  w as  the  sam e fo r  all re turns  w ith in  a s ing le  pulse . P u lse- to -pu lse  va r iab il i ty  in 
laser  ou tp u t  is reported  at less than 5% . A  su m m a ry  o f  acqu is i t ion  p ara m ete rs  fo r  th is  
s tudy  is sh o w n  in T ab le  1. T h e  signal to no ise  ratio  (S N R ) for the  acqu is i t ion  w a s  g rea te r  
than  10:1 for 10%  diffuse  ref lec tiv ity  ta rge ts  (Roth ,  2007).  T h e  vertical ac cu rac y  is 
repor ted  at 0 .15 m and  horizontal ac cu rac y  is 0 .25 m. F o l lo w in g  p re -p ro c ess in g  (roll.
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pitch, and  y a w  correc tions) ,  above  g round  laser return  po in ts  w ere  separa ted  f rom  g round  
‘bare ea r th '  po in ts  us ing  the  tr iangu la ted  ir regular  ne tw ork  (T IN ) dens if ica tion  m ethod  
availab le  in the  T e rraS can  so f tw are  suite  (Terraso lid ,  2004).  A  D igita l E levation  M ode l 
(D E M )  w as  crea ted  using Inverse D is tance  W eigh ted  ( ID W ) in terpo lation  at 1 m 
reso lu t ion  and  used to ca lcu la te  the  C a n o p y  H eigh t  M ode l (C H M )  us ing  a  spo t  e leva tion  
m e thod .  T h is  te ch n iq u e  co m p u ted  the  ca n o p y  heigh t o f  each  po in t  by  sub trac t ing  the 
D E M  he igh t from  the C H M .
T he Leica  A L S 5 0  used fo r  th is  s tudy  opera ted  w ith  A u to m a t ic  G ain  Con tro l  
(A G C )  to  record  ta rge t  in tensity , w h ich  au tom at ica lly  ad jus ts  the  cap tu red  raw  in tensity  
va lues  fo r  va r ia t ions  in s lant range, f ly ing  height,  and  sys tem  gain  (L e ic a  G eo sy s tem s ,  
2008) .  T h is  ad ju s tm e n t  m ay  have a  non linear  e ffec t on  the  ou tp u t  ta rge t  in tensity  du e  to 
re f lec tance  variabili ty .  F or  the  purpose  o f  th is  s tudy, in tensity  co rrec tion  w as  ca r r ied  ou t 
to  m in im iz e  such effec t by no rm al iz in g  the  raw  in tensity  w ith  squared  range  d iv ided  by 
squared  av e rage  eleva tion ,  m ult ip lied  by  A G C  v a lue  (K o rp e la  e t  al. 2009).
T ab le  1. A L S  sys tem  characteristics.
Specification M issou la  In ternational 
A irport (MSO)
L u b rech t E xperim ental 
F o re s t  (LEF)
D ate of A cquisition J u ly  27, 2005 J u ly  27 a n d  A u g u s t 17 ,2 0 0 5
ALS sy stem L eica G e o sy s te m s  ALS50 L eica G e o sy s te m s  ALS50
Ave. F light H eigh t ab o v e  S u rface 750 a n d  1250 m 1928 m
Ave. F light S p e e d 72.02 m /sec 72.02 m /sec
N um ber o f S trips 4 54
S c a n  freq u e n c y 35  Hz 35 Hz
L ase r P u lse  F req u e n c y 43 KHz 43 KHz
L a se r  P o w er 4 W atts 4 W atts
S ignal to  N oise  fo r d iffuse  ta rg e ts -10%  d iffuse  = 30:1 -10%  d iffuse  = 12:1
-5 %  d iffuse  = 20 :1 -5 %  diffuse  = 7 :1
A ttenuation  setting 50%  a n d  N one 50%
S c a n  A ngle ± 3 5 ° ± 3 5 °
S ide lap - 50%
A verage  Sw ath  W idth 473 m a n d  788 m 1153 m
A verage  R etu rn  D ensity 1.28 p e r  m2 a n d  0.77 p e r  m2 0.44 m2
A verage  A rea / R etu rn 0.78 m2 a n d  1.30 m2 2.29 m2
S a m p le  de linea tion
In o rd e r  to eva lua te  in tensity  character is t ics ,  d if fe ren t  large h o m o g e n e o u s  cover  
types  are located in both M S O  and  LEF. S am ples  w ere  de l inea ted  from  both  s ites us ing  
the  fo llow ing  steps. First, an  approx im ate ly  h o m o g e n eo u s  ta rge t  w a s  p re -se lec ted  on  each  
site using the  co lo r  digital aerial pho to  o f  N ational  A gricu ltu ra l  Im ag ery  P rog ram  (N A IP )  
o f  U.S. Farm  S erv ice  A g en c y  acqu ired  in s u m m e r  2005  (U S F S A , 2007).  H o m o g en e i ty  
w as  sub jec t ive ly  de te rm ined  by iden tify ing  areas  w ith  cons is ten t  tone, tex tu re  and  co lo r  
in the  im agery .  Second , a rec tangu la r  p o ly g o n  w as  p laced  on  the  ta rge t  (F igu re  1). A t 
M S O , tw o  sa m p le s  w ere  se lected: (1) runw ay ,  and  (2) g rasses  a ro u n d  the  runw ay .  The  
ru n w a y  sam ple  w as  de l inea ted  m a nua lly  to  ex c lu d e  w h ite  m a rk s  an d  o v erused  take 
o ff / land ing  areas  m arked  by aircraft  t ires  (usually  darker/b lack).  T h e  g rasses  w ere  
sam p led  from  a c lea red  a rea  ad jacen t  to an d  on  both s ides  o f  the  ru n w a y  (ca lled  the  
ru n w a y  strip). F or  LE F , tw o  sam ples  w ere  delinea ted : (1) alfalfa,  de l inea ted  f rom  three
locations and assumed to have similar height variation, and (2) highway 200, located on a 
relatively flat area running orthogonally to the flight strips. The white marks on the 
highway were not removed due to unclear appearance on the NAIP image.
Bare earth laser returns containing x,y,z, intensity and angle values were extracted 
from inside polygons o f  each sample. In order to analyze the effect o f  scan angle (range), 
returns were grouped into scan angle classes at interval o f  1° (from -14° to 14°) on both 
sides o f  the nadir. The recorded intensity has range o f  values from 0-255 (8 bit). The zero 
value is an underflow that results from the ALS a lgorithm ’s attempt to represent a too 
small num ber while the value o f  255 is the maximum value in the 8-bit format. Both 
values represented saturation and were removed from the samples to minimize a noise 
(<0.47%  o f  total returns).
In ten s i ty  no rm aliza t io n
Intensity normalization was carried out on an individual point/return basis with 
the goal o f  reducing the intensity variation occurring in the samples. Korpela (2008) 
proposed a calibration model to achieve a similar goal by calculating the raw intensity 
with squared range divided by squared average elevation, multiplied by A G C  value using 
the following equation:
Intnorm n̂ ^Raw
\ 3
R
+  (b.lntRaw).(\21.5 -  A G C )  0 )
where lntnorm is the normalized intensity value, R is the range, Rs is the standard range, 
AG C  is the system gain value, and a and b are normalization parameters. Baltsavias
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(1999)  suggests  th a t  return  in tensity  o f  a  h o m o g e n eo u s  ta rge t is inverse ly  p ropo rtional to 
the  second  p o w er  o f  the  range. T herefore ,  the  range  va lue  o f  the  param ete rs  a  w as  
eva lua ted  from  2 .00-3 .00  w h ile  the  p a ram ete r  b w as  tes ted  from  0 .004 -0 .005 .  T h e  
cons tan t  va lue  o f  127.5 w as  ad jus ted  to sam ple  characteris tics ,  inc lud ing  the  m in im u m , 
m a x im u m  and  m ean  va lue  o f  the  A G C . The  norm aliza tion  w as  p e r fo rm ed  by  ap p ly ing  
the  equa tion  1 w ith  so m e possib le  com bina t ions  o f  both param ete rs  an d  the  cons tan t  
value.  T h e  grea tes t  d if fe rence  in the  in tensity  varia tion  be tw een  befo re  an d  afte r  
n o rm al iza t ions  w as  used to  indicate the  eff icacy  o f  the  norm al iza tion  an d  to es t im a te  the 
A G C  effec ts  on  intensity. O verall  24  equa t ions  w ere  exam ined .  It is w orth  no t in g  that 
the re  w as  very  little d if fe rence  in results  b e tw een  equations .  T h e  equa t ion  tha t  reduces  
var iab il i ty  the  m o s t  w as  with  a=2 .0 ,  b=0 .05 ,  and  cons tan t  va lue  o f  127.5. F igu re  2 sh o w s 
the  result  o f  no rm aliza tion  using Inverse  D is tance  W eigh ting  (1 m e te r  reso lu t ion)  w ith  
sam ple  po lygons.
Low: 1 High: 306
( a  ) M isso u la  In te rn a tio n a l A irpo rt (MSO)
F igure  2. O v erv ie w  o f  s tudy  area  w ith  f ligh t s tr ips and  sam p les  (red) fo llow ing  
norm aliza tion .
Basic statistica l analysis and landscape classification
In tensity  var iab les  w ere  ca lcu la ted  f rom  sam ples  o f  both s tudy  sites, inc lud ing  
m eans ,  m a x im u m s  and  m in im u m s ,  s tandard  dev ia tions ,  and  coe ff ic ien t  o f  var ia t ion  (CV ).  
T h e  m ean ,  m in im u m  and  m a x im u m  o f  the  au tom at ic  gain  con tro l  (A G C )  v a lu es  w ere  
a lso  ca lcu la ted .  T ab le  2 show s d is t r ibu t ions  o f  sam p le  re tu rns  and  reco rded  in tensity  
values.
Low: 1 High: 430
( b  ) L u b re ch t E x p e rim en ta l F o re s t  (LEF)
Table  2. T h e  d is tribu tion  o f  recorded  laser re turns  and  the  A G C  character is t ics .
Site and Total Average Recorded intensity AGC value
cover type returns returns/angle Mean Std.Dev Min. Max. CV Mean Min. Max.
A. MSO 
Strip 1 
-G rass 42609 236.44 161.70 21.09 54 254 0.13 125.62 122 133
- Runway 9923 966.27 119.84 30.26 47 196 0.25 139.49 125 150
Strip 2
-G rass 47452 158.18 25.11 53 254 0.16 128.90 126 135
- Runway 10639 51.52 8.11 19 89 0.16 129.22 126 135
Strip 3
- Grass 30434 - 160.85 21.34 95 254 0.13 124.61 122 128
- Runway 6890 - 52.17 6.86 26 82 0.13 124.81 123 129
B. LEF
- Alfalfa 1 37148 1280.97 221.80 11.36 18 254 0.05 121.63 120 124
- Alfalfa 2 55441 1911.76 215.38 14.80 91 254 0.07 122.13 120 124
- Alfalfa 3 67539 2701.56 215.89 11.55 55 254 0.05 121.48 121 124
- Highway 10404 395.76 83.62 31.84 6 254 0.38 123.33 121 128
F or  the  purpose  o f  exp lo ring  the  use fu lness  o f  in tensity  for landscape  ana lys is ,  a 
s im ple  c lassificat ion  w as  per fo rm ed  on  both M S O  an d  LE F  us ing  th resho ld  va lues  
(m in im u m  and  m a x im u m )  se lec ted  m anually .  T h e  c lass if ica t ion  w as  ca r r ied  o u t  in grid  
fo rm a t  (3 x 3 m  reso lu t ion)  and  the  nearest  ne ig h b o rh o o d  w as  used  fo r  con v e r t in g  po in ts  to 
g rids .  The M S O  w as  classified  into th ree  p r im ary  co v e r  types:  (1) asphalt ,  (2 )  g rass ,  and 
(3) bare soil; w h ile  LE F  w as  g ro u p ed  into: (1) vege ta tion ,  (2) bare so il /g rass ,  an d  (3) 
a lfa lfa .  G ene ra l  statistic va lues  w ere  ca lcu la ted  fo r  each  co v e r  type, inc lud ing  m ean ,  
m in im u m  and  m a x im u m , s tandard  dev ia tion  values .  S epara te  sam p les  f rom  ea ch  site 
w ere  de l inea ted  w ith  the aid o f  the  N A IP  im age and  the  stand  po lygon  da tab a se  at M S O  
an d  LE F  respec tive ly .  S am ples  in M S O  inc lud ing  trees, bu ild ing  roof, and  m ix  
g rasse s /sh ru b s  w ere  se lec ted  and  del inea ted  m anually  w h ile  the  s tands  at L E F  w ere  
se lec ted  us ing  th e  cr iter ia  de te rm ined  by the  stand  da tabase  (W a te rm a n ,  2000) .  F ive 
s tands  a p p ro x im a te ly  rep resen ting  the  range  o f  in tensity  charac ter is t ics  ac ro ss  L E F  w ere  
chosen ,  inc lud ing  ponderosa  p ine , m ixed  D ouglas-f ir ,  m ixed  p o n d e ro sa  p ine , an d  m ix e d
w estern  larch. It should  be no ted  tha t  the nam e o f  the  stand indicates  th e  p r im e /d o m in an t  
spec ies  w ith in  each  class. S im ila r  basic  statistical va lues  w ere  ca lcu la ted  and  vege ta tion  
sam ples  (sh rubs  and  trees)  w ere  co m p u ted  from  av e rage  va lues  o f  the  bare  earth  and 
canopy  height m odel (C H M ) returns. T h e  charac ter is t ics  o f  co v e r  types  are  p resen ted  in 
T ab le  3.
R esu lts
In tensity  charac teristics
T he recorded  intensity character is t ics  o f  co v e r  types  in M S O  and  L E F  are  sh o w n  
in T ab le  2. In general ,  the  in tensity  o f  g reen  vege ta tion  (g rass  an d  alfa lfa)  is h ig h e r  than 
aspha lts  ( ru n w ay  and  h ighw ay).  A t M S O , the  in tensity  o f  the ru n w a y  de l inea ted  from  
Strip  1 (the fly ing d irec tion  w as  p erp en d icu la r  w ith  the  runw ay)  is h ighe r  than  in tensity  
from  Strips 2 and  S trip  3 ( the  f ly ing  d irec tion  is parallel w ith  the  runw ay).  S trip  1 is also 
rep resen ted  by h ig h e r  intensity var ia t ion  (coeff ic ien t  o f  va r ia t ion /C V ) w h en  co m p a re d  to 
o the r  sam ples ,  inc lud ing  grasses .  The  m ean  va lue  o f  au tom at ic  ga in  contro l  (A G C )  is 
w ith in  a  c lose  range  b e tw een  sam ples ,  excep t  the  ru n w a y  f rom  Strip  1, w h ich  is h igher  
than  others .  A t LE F , intensit ies and  varia tions o f  all th ree  a lfa lfa  s a m p le s  are  s im ila r  
w h ile  the  in tensity  var ia t ion  o f  the  h ighw ay  is s lightly  h igher.  T h e  A G C  o f  bo th  co v e r  
types  are  c o m p ara t iv e ly  s im ila r  to  each  other. O verall ,  asphalt  ap p e a rs  to  e x h ib i t  a  h ig h e r  
in tensity  var ia t ion  (su b seq u e n t  to  the  reduc tion  fo llow ing  th e  norm al iza t ion )  th a n  grass  
rega rd le ss  o f  sam p le  sites.
F igure 3 illustrates the  trend  o f  the  recorded  in tensity  w ith  scan  angle.  A t 
M is so u la  In ternat ional A irpo rt  (M S O ),  the  in tensity  o f  g rass  is var iab le  re la t ive  to the
o th e r  c lasse s , bu t it does  n o t ch an g e  w ith  the scan ang le . H ow ever, the  in tensity  o f  the 
runw ay  sh o w s m ore v a ria tio n  be tw een  tw o  sides  o f  th e  n ad ir  (a< 0 °  is th e  left s ide  and  
a> 0° is th e  rig h t side). R eturn  in tensity  from  th e  le ft s ide  (a< 0°) is g en e ra lly  lo w er than  
the  rig h t side  (a> 0°). T he cau se  o f  th is o b se rv a tio n  is un k n o w n . N o n e th e le ss , it d o es  no t 
s ig n ify  a  d ec rease  w ith  an inc rease  o f  the  scan  ang le . A t L u b rech t E x p erim en ta l F orest 
(L E F ). both  a lfa lfa  and  h ig h w ay  in ten sities  a re  co n s is te n t ac ro ss  scan  an g les  as w o u ld  be 
ex p ec ted  in ab sen ce  o f  a  scan  ang le  effec t. T he in ten sitie s  on  bo th  sides o f  n ad ir  are 
ch a rac te rize d  by re la tiv e ly  s im ila r va lu es. O vera ll, all sam p les  in d ica te  th a t th e  reco rd ed  
in tensity  does n o t ex h ib it a tren d  w ith  scan  angle.
Ra
w 
in
te
ns
ity
 
Ra
w 
in
te
ns
ity
Grass Runway
300
250
150
100
50
-15 -10 0 5 10 15
Angle ( degree )
( a ) M issoula International A irport ( MSO )
300
250
200
150
100
50
0
-15 -10
Angle ( degree )
Alfa lfa Highway
500
400
300
200
100
-15 -10 -5 0 5 10 15
Angle ( degree )
500
400
300
200
100
-15 -10 ■5 0 5 10 15
Angle ( degree )
( b ) Lubrecht Experimental Forest ( LEF )
Figure 3. The recorded intensities o f return samples from MSO and LEF (selected 
randomly from 800 returns for each cover type)
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Effects o f norm alization
T h e  d is t r ibu t ions  o f  intensit ies fo llow ing  norm al iza tion  are il lustrated  in F igure  4. 
A t M S O , m e an  intensit ies o f  g rasses  from  all s tr ips exh ib it  a  slight reduc tion  w h ile  the  
runw ay  intensities are  reduced  m ore  s ignificantly .  T h e  in tensity  var ia t ion  (C V ) o f  the 
g rasses  is reduced  from  1-3%  over  uncorrec ted  data, w h ile  fo r  the  runw ays ,  the  C V s  are 
reduced  from  4 -13% . T hese  varia tion  reduc tions  indicate  that effec ts  o f  A G C  on  in tensity  
a c co u n ted  fo r  less than 3 %  on  natura l ta rge ts  and  less than  13%  on  u rban  se tt ing  ( ru n w ay  
sam ples) .  N o te  that the  grea tes t  reduction  o f  the  ru n w a y  var ia t ion  is o b se rv e d  in the 
sam ple  de l inea ted  f rom  Strip  1. A t LEF, the  in tensity  va r ia t ions  o f  bo th  a lfa lfa  and  
h ig h w ay  w ere  reduced  slightly  (1% ).
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Figure 4. The normalized intensities o f return samples from MSO and LEF (selected 
randomly from 800 returns for each cover type).
Landscape classification
Table 3 shows threshold values used for the classification and the general 
statistics o f cover types at both sites. A t MSO, the mean intensity o f asphalt is the lowest 
while bare soil is the highest. The range o f intensity values o f other cover types (m ix- 
grass/shrubs, trees, and white roof) falls w ith in the threshold values o f main cover types
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(asphalt, grasses, and bare soils). The white roof building value falls w ith in bare soil 
values while mix-grass/shrub intensity values are w ith in both grasses and soil classes. A t 
LEF, the four different stands (ponderosa pine and mixtures o f Douglas-fir, ponderosa 
pine, and western larch) exhibit overlapping intensity values even though their mean 
intensities are the most different o f any o f the stands at LEF.
Table 3. The intensity distribution and statistical summary o f cover types classified 
manually at MSO and LEF.
Site and cover type
Normalized Intensity (arbitrary value)
Min. Max. Mean Std.Dev
A. MSO site
Asphalts 1.03 131.63 47.97 11.58
Grasses 131.64 215.34 168.10 20.14
Bare soils 215.35 306.21 223.92 13.27
-Mix-grass/shrubs 3.23 284.84 198.98 42.94
-Trees 1.06 239.71 121.16 66.55
- White building roof 9.56 283.13 223.10 30.58
B. LEF site
Vegetation 1.41 215.92 199.38 119.79
Bare soil 1 grass 215.93 347.49 289.31 36.44
Alfalfa 347.50 430.40 372.57 16.33
- Pure PP 1.41 403.79 148.37 116.25
-Mix-DF 1.38 417.77 206.81 120.13
-Mix-PP 1.34 399.06 216.34 113.10
-Mix-WL 1.23 390.21 198.02 122.80
Results o f the simple classification and some misclassified cover types are shown 
in Figure 5. A t MSO, clearly, asphalt materials are significantly distinguished from 
grasses and bare soils. Incorrectly classified covers are also observable, including a 
cluster o f trees grouped into asphalt and mix-grass/shrubs, and a building roof 
categorized as bare soils. A t LEF, most alfalfas are obviously separated from high 
vegetation/trees and bare soil/grass. A t the lower right o f  the subset, a small portion o f
bare soil/grass is m istakenly classified into a lfa lfa  w hile  the highway and gravel roads are 
classified into vegetation. However, a ll stands are not clearly distinguished from  one 
another. The m ix  D ouglas-fir stand appears s im ilar to the other three stands.
Mix-grasses'shrubs
Asphalts Vegetation 
Bare soil / grass 
AHalta
( a ) M issoula In ternational A irp o rt (MSO) ( b ) Lubrech t E xperim enta l Forest (LEF)
Figure 5. A  simple landscape classification.
Discussion
The basic property o f  laser intensity is w e ll documented, but some factors 
a ffecting it are s till d if f ic u lt to quantify. M y goal is to explore the intensity characteristics 
and the effectiveness fo r possible landscape classification. The analyses are lim ited  to the 
influencing factors o f  scan angle (range) and automatic gain contro l (A G C ) and use basic 
statistical metrics. Results o f  tw o datasets (M issoula international a irport and Lubrecht 
Experimental Forest) provide some concepts about intensity and those tw o  factors.
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G enera lly ,  the  e ffec t o f  A G C  on  in tensity  is v is ib le  as  the  in tensity  d o es  no t  change  
s ign ifican t ly  with e i the r  the  scan angle. The  co v e r  types  exh ib it  d if fe rences  in in tensity  
and  a  general  landscape classification  can  be p er fo rm ed  using a s im ple  m ethod .
T h e  d if fe rence  in in tensity  b e tw een  co v e r  types  (T ab le  2) is likely exp la ined  
p r im arily  by d if fe rences  in ta rge t reflectivity . The  low  an d  h igh  in tensit ies  o f  asp h a l t  and  
vege ta tion  are  due  to the ir  spectral character is t ics ,  in w hich ,  generally ,  aspha lted  
m ater ia ls  exh ib it  a  high absorp tion  in the  near  infrared (N1R) w h ile  vege ta tion  has  a  high 
reflec tion  w ith in  th is  w ave leng th .  T h is  result  is in support  o f  o the r  inves tiga tions .  For 
ex a m p le ,  S ong  e t  al. (2002)  no ted  tha t  bo th  asphalted  road  and  r o o f  h ave  lo w er  in tensity  
than  grass  and  H ase g aw a  (2006)  found  tha t  new  and  old  aspha lts  sh o w  less in tensity  
v a lu es  than grass. A h o k as  et al. (2008) suggested  tha t  the re  is s trong  re la t ionsh ip  be tw een  
ta rge t  ref lec tance  an d  laser  intensity. In o the r  w ords ,  th e  h igher  the  b r igh tness  
( re f lec tance)  value,  the  h igher  the  in tensity  o f  return  from  the  ta rge t  (e.g.,  the  laser  is 
b eh a v in g  like so lar  (N IR ) radia tion).  T h e se  charac ter is t ics  w ere  a lso  pub lished  by several 
co m m erc ia l  laser com pan ies ,  w h ich  inc luded  o the r  ref lec tiv ity  da ta  o f  v a r io u s  m ater ia ls  
at d if fe ren t  w av e len g th s  (Riegl,  2009 ; O ptech ,  2009).
W ith  regard  to  the  observed  varia tions,  the  resu lts  ind icat ing  th a t  in tensity  varies  
w ith in  co v e r  types  are an tic ipated ,  as the  co m pos i t ion  o f  each  co v e r  type  is no t  tru ly  
h o m o g e n eo u s .  F low ever the  be tw een  sam p les  h o m o g e n e i ty  as su m p tio n  a p p e a rs  su ffic ien t 
g iven  the  slight d if fe rences  in varia tion .  T here  is no o b se rvab le  d if fe rence  in in tensity  and  
ga in  va lues  a m o n g  c o v e r  types  de l inea ted  by the  sam e f light d irec tions .  T h e  d if fe rences  
o b se rv e d  f rom  the  f ly ing  strip perpend icu la r  w ith  the  ru n w a y  (S tr ip  1), e spec ia l ly  asphalt ,  
are  p robab ly  d u e  to  a  non - linear  e ffec t o f  the  A G C  ad ju s tm e n t  as  well as the  co v e r
com posit ion .  A lthough  it is d ifficult  to quan t ify  such effec t due to  the  fact tha t  the 
in tensity  a lgori thm  and  in form ation  regard ing  the  e ffec tiveness  o f  the  A G C  are  not 
ava ilab le ,  the  non -linear  e ffec t is likely genera ted  by a  scann ing  dens ity  an d  intensity 
variabili ty  of c o v e r  types fo r  a part icu la r  scann ing  period. A lth o u g h  Roth  (2 009)  suggests  
th a t  fo r  the  A L S 5 0  system , the  A G C  ad jus tm en t  au tom atica lly  takes  p lace  o n ce  in every  
12-16 laser  shots, detailed  obse rva tions  pe r fo rm ed  separa te ly  on  both M S O  an d  LE F  
sam ples  do  no t indicate in tensity  diffe rences.  H ow ever ,  it is o b se rved  tha t  such 
ad ju s tm e n t  m ay  result  in a  pattern w here  s im ila r  in tensity  and  A G C  v a lu es  are  used to 
ad ju s t  d if fe ren t  co v e r  types  w ith in  those  12-16 laser  shots. F or  ex a m p le ,  the  ru n w a y  
in tensity  va lues  del inea ted  from  Strip  1 m a y  be ad ju s ted  based  an A G C  v a lu es  o f  g rasses  
w ith in  tha t  area  due to the geom etry  o f  the  f light axis, runw ay ,  an d  ta x iw ay .  It is w orth  
no ting  tha t  the  resu lts  for S trip  1 are  no t  in tuitive and  m a y  poin t  to  an  erro r  w ith  the  A G C  
or  to  a  lack o f  deta iled  unders tand ing  o f  how  the  A G C  a lgo ri thm  is im plem ented .
T h e  absen c e  o f  a  scan ang le  e ffec t (F igure  3) m ay  be a lso  ex p la in e d  by the  A G C  
ad jus tm en t,  in add it ion  to the na r row  range  o f  the  scan  ang le  c lasses  (±14°). A s  d iscussed  
above , in tensity  is indeed  a l ready  ad jus ted  to  th e  scan ang le  (s lant range)  by the  A G C  and  
it is likely the  p r im ary  reason fo r  such cons is tency .  O n  the  o the r  hand ,  effec ts  o f  a  na r row  
scan  ang le  range in in fluencing  in tensity  m ay  not be as s ign ifican t  as the  A G C  effect, 
g iven  the  fact that the  ad ju s tm en t  is carried  ou t au tom atica lly .  It is ac k n o w le d g e d  th a t  to 
quan tify  effec ts  o v e r  na r row  an g les  rem a ins  cha l leng ing  due to  lack o f  da ta  rega rd ing  
m e th o d o lo g y /a lg o r i th m s  used for in tensity  an d  A G C  ca lcu la t ions.  In add it ion ,  the re  are 
no o the r  da tase ts  acqu ired  a t  bo th  M S O  and  LE F  using a d if fe ren t  A L S  sys tem  fo r  a 
com parison .  H o w ever ,  it is w orth  no ting  that co r re la t ions  be tw een  in tensity  and  scan
ang le  vary  regard less  o f  sys tem s  used for the  acquisi tion .  F or  exam ple ,  us ing  d if fe ren t  
A L S  sys tem s  (w ithou t A G C ) for eva lua ting  in tensity  charac ter is t ics  on d if fe ren t  ta rge ts  
(gravels ,  grasses ,  and  tarps),  K ukko  et al. (2008)  found  tha t  the  in tensity  variab ili ty  w as  
low  w ith in  the inc ident ang le  < 30°  and  the e ffec t o f  the  ang le  on in tensity  w as  not 
s ignificant .  H ow ever ,  they  suggested  tha t  such  effec t is s tronger  on h igh  ref lec tance  
ta rge t an d  m ore  stud ies  w ere  needed  to expla in  o the r  factors, such as  su rface  roughness  
an d  laser  footprin t.  In contrast,  C o ren  and  S terzai (2006)  and  H ofle  an d  P fe ife r  (2007),  
a lso  us ing  n o n -A G C  A L S  sys tem s no ted  tha t  in tensity  w as  s ign if ican t ly  affec ted  by  scan 
ang le .  C learly ,  cha rac ter iz ing  laser in tensity  is difficult .  It is w orth  m e n tio n in g  th a t  a 
separa te  ca lcu la t ion  conduc ted  by  the  au th o r  us ing  sam ples  f rom  d if fe ren t  e leva t ions  also 
indicates  tha t  in tensity  is not affec ted  by the  range d ifference.
T h e  d if fe rence  in reduction  values o f  in tensity  var ia t ions  indicate tha t  ea ch  cover  
type  exh ib its  d if fe ren t  in tensity  character is t ics ,  w h ich  are likely a ffec ted  by bo th  range 
and  the  A G C  ad jus tm en ts  m en tioned  above . A lth o u g h  a  large change  fo llow ing  
norm al iza tion  is on ly  observed  on  the  aspha lted  m ateria l ( runw ay);  (F igu re  4),  it is 
sugges ted  tha t  in tensity  should  be co rrec ted  prior to ap p ly ing  it to  landscape 
c lassificat ion .  A ddit iona lly ,  d if fe ren t  no rm aliza tion  m e th o d s  m ay  resu lt  in d if fe ren t 
var ia t ion  reductions,  d ep e n d in g  on  the  A L S  sys tem , ta rge ts ,  an d  acqu is i t ion  se tt ing  (e.g.,  
f ly ing  heigh t,  strips, and  pu lse  repetit ion  frequency).  F or  exam ple ,  using  L e ica  A L S 5 0  II 
(the pu lse  repe tit ion  frequency  (PR F) is a lm o s t  th ree  tim es  h ighe r  tha t  th e  o n e  used  in th is  
study), K orpe la  (2 008 )  found  tha t  the  A G C  and  range  effects  on  in tensity  w ere  2 7 %  and  
2 0 %  respec tive ly .  T h ey  also  no ted  tha t  the  overall accu racy  o f  an  L D A  app l ica t io n  for
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disc rim ina ting  lichen from  soil and  o the r  unders to ry  increased  4 %  fo llow ing  
norm aliza tion .
W hile  the  results  o f  the  s im ple  classification  p resen ted  in th is  ch a p te r  c learly  
show  tha t  laser in tensity  da ta  can be used to  d isc rim ina te  b e tw een  genera l  landscape 
c lasses ,  it p roduces  m any  m isclass if ica tions  o f  fea tures  that m ay  be o f  in te rest to fu ture 
s tudies. T h e  m isclassif ica tions occurring  on  both the  urban an d  forested  sites are  not 
unant ic ipa ted  g iven  that the  m e thod  used is based  on en tire ly  static th resho ld  values.  The  
resu lts  suggest  tha t  intensit ies o f  the  observed  co v e r  types  are  w ith in  the  range  v a lu es  o f  
each  other, and  a  m ore  robust  m e th o d o lo g y  w ith  additiona l data  is n eeded  to  h ave  a 
cha n ce  o f  reso lv ing  a m b ig u o u s  c lass if icat ions  o f  these  features. F or  ex a m p le ,  the  
m isc lass if ica tion  o f  several trees into the  asphalt  c lass  in M S O  is likely due to  both 
s tructura l and  species  character is t ics  o f  these  t rees  (m os tly  po n d ero sa  p ine)  tha t  ref lect 
low er  in tensity  va lue  than  average  va lues  (Tab le  3). O n  the  o the r  hand, the  incorrec tly  
c lassified  m ix-g rasses /sh rubs  into bare soil c lass is not u n c o m m o n  as bo th  g reen ,  low 
vege ta tion  and  dry  soil exh ib it  s im ila r  h igh  intensity, d ep e n d in g  on  the  several 
in f luenc ing  factors m en tioned  above .  F or  exam ple ,  H ase g aw a  (2006)  found  tha t  the  range 
o f  tree  in tensit ies  w as  w ith in  the  range o f  soil , and  s tandard  dev ia tions  o f  in tensit ies  o f  
bo th  cove rs  over lapped .  H e a lso  suggested  that the re  w as  a c lea r  d if fe rence  in in tensity  
b e tw een  grass  and  soil . Therefore ,  it is p roposed  tha t  w h ile  the  landscape  s tra t if ica tion  at 
a  general  level is possib ly  using A L S  datasets,  a  s im ple  m e th odo logy ,  such  as  the  one  
used in th is  s tudy  is no t  suffic ien t  to p roduce  the  m ore  de ta i led  landscape  c lasses  requ ired  
o f  m any  fores try  applications.
T he resu lts  o f  classification  in LE F  em p h as ize  the  need  o f  m o re  r igo rous  
m e thodo log ie s  for d isc rim ina ting  specif ic  forest co v e r  types. O v er la p p in g  in tensity  
va lues  are  often  difficult  to separate, e spec ia l ly  i f  these  va lues  are  d u e  to  s im ilarit ies  in 
physical character is tics .  F or  exam ple ,  in the  field, part o f  bare  so il /g rass  m isc lassif ied  
into alfa lfa  is dom in a te d  by grass  (F igure  5), w h ich  is m ost ly  g reen  in co lo r  ref lec ting  
h igh  in tensity  in the N IR  sim ilar  to  alfalfa. The  inc lusion  o f  bare so il /g rass  inside forest 
s tands  m ay  be also du e  to  such s imilarity . It is im portan t to recogn ize  th a t  the  th resho ld  
va lues  used for th is  classifica tion  are  gene ra ted  from  both bare earth  and  c a n o p y  returns, 
w h ich  affec t in tensity  d is tribu tion  o f  those  s tands.  A  separate  ca lcu la t ion  u s ing  on ly  
vege ta tion  re tu rns  show n in T ab le  3 also indicate tha t  intensit ies o f  the  fou r  s tands  are 
w ith in  the  range o f  each  other.  T h e  result  is expec ted ,  no ting  tha t  in tensity  cha rac ter is t ics  
o f  trees  can  vary  even  betw een  s im ila r  spec ies  d ep e n d in g  on  the ir  s tructures  and  
ref lec tiv ity  (H o lm g re n  and  Persson, 2004 ; M offie t  e t  al., 2005).  H ow ever ,  th e  ap p a ren t  
d if fe rence  in m ean  intensit ies be tw een  th e  four s tands  used  in th is  ca lcu la t ion  suggests  
tha t  spec ies  c lassificat ion  m ay  be possib le  using a irborne  laser  scann ing  in tensity  
datase ts ,  in con junction  w ith  s tructural variab les .  A n  im proved  tech n iq u e  us ing  m ore  
var iab les  der ived  f rom  A L S  system , such as canopy  height,  spatia l d is tr ibu t ion ,  and  
separa ted  return  types  will likely classification .  T h is  co ncep t  is exp lo ited  in a  fo llow ing  
ch ap te r  (C h ap te r  4).
Conclusion
In th is  chapter,  tw o  a irbo rne  laser scann ing  da tase ts  acqu ired  w ith  A u to m a tic  
G ain  Contro l  are exp lo red  to identify factors tha t  affect in tensity  charac ter is t ics .  A  s im ple
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classificat ion  is pe rfo rm ed  to de te rm in e  w he the r  in tensity  has the  potentia l to  a l low  
disc rim ina tion  be tw een  land covers .  T here  is a  genera l  lack o f  deta iled  u n d ers tand ing  o f  
h o w  in tensity  conver ted  into digital n u m b e r  (D N ) and  how  A G C  algori thm  is 
im p lem en ted  due  to proprie ta ry  b ehav io r  on  the  v e n d o r ’s part. T herefo re ,  w h ile  it is 
im portan t  to a c k n o w led g e  such lim itations, 1 a lso  recogn ize  that m a n y  res tr ic tions are 
app l ied  in th is  explora tion ,  such as the  genera li ty  o f  statistical m e tr ics  used an d  the  
ho m o g e n e i ty  assum ption  fo r  ana lyz ing  the  data. Indeed,  the  prim ary  goals  o f  th is  chap te r  
are  to  gain  k n o w led g e  abou t in tensity  character is t ics  and  how  A G C  affec ts  the  intensity, 
an d  to assess  the  e ffec tiveness  o f  in tensity  norm aliza tion  fo r  range  (scan  ang le )  an d  A G C . 
In general ,  the  recorded  in tensity  is d if fe ren t  be tw een  co v e r  types.  The  N IR  re f lec tance  
v a lue  o f  each  co v e r  type  is quas i- in tu it ively  linked to  in tensity , in w h ich  asphalt  reflects  
low er  in tensity  than  vegeta tion .  The  grea te r  in tensity  var ia t ion  on asphalt  than  vege ta tion  
is l ikely d u e  to  the  e ffec t o f  the  au tom atic  gain  contro l  ad jus tm ent.  T h e  o b se rv e d  slight 
c h a n g e  in tensity  with scan  angle a lso  m ay  be due  to  such ad ju s tm en t.  F o l lo w in g  
no rm aliza tion ,  in tensity  varia tions are reduced  by  up to  13%  an d  3 %  fo r  asphalt  and 
vege ta tion  respectively .  In general,  in tensity  indicates  the  potentia l fo r  landscape 
classification .  H ow ever ,  it is not likely tha t  a  th resho ld ing  m e th o d  us ing  in tensity  a lone  is 
su ff ic ien t  to  d isc rim ina te  species  at s tand  levels. M ore  laser-der ived  var iab les  an d  a  bet ter  
m e th o d o lo g y  are  n eeded  to  c lassify  land covers  into m ean ing fu l  ca tegories .  F or  ex a m p le ,  
in o rd e r  to  c lassify  landscape hav ing  high variabili ty  in the s truc tu re  and  c o m p o s i t io n  like 
LE F, tw o  stages c lassifications are  pe rfo rm ed ,  inc lud ing  d e v e lo p in g  L inear  D isc r im in an t  
A n a ly s is  based  spec ies  data  and  per fo rm ing  M a x im u m  L ike lihood  C lass if ica t ion  m ethod . 
T h e  deta ils  o f  th is  m e th o d o lo g y  are descr ibed  in C h a p te r  4.
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CHAPTER 3
T r e e  S p e c i e s  I d e n t i f i c a t i o n  in  M i x e d - C o n i f e r o u s  F o r e s t  U s i n g
A i r b o r n e  L a s e r  S c a n n i n g
Abstract
This study tests the capacity o f  relatively low density (< 1 return/m2) airborne 
laser scanner data for discriminating between Douglas-fir, western larch, ponderosa pine, 
and lodgepole pine in a western North American montane forest and it evaluates the 
combined effect o f  intensity, height, and return-type metrics for classifying tree species. 
Collectively, Exploratory Data Analysis, Pearson Correlation, A N O V A , and Linear 
Discriminant Analysis show that structural and intensity characteristics generated from 
LIDAR data are useful for classifying species at dominant and individual tree levels in 
multi-aged, mixed conifer forests. Proportions o f  return-types and mean intensities are 
significantly different between species (p-value < 0.001) for plot-level dom inant species 
and individual trees. Classification accuracies based on single variables range from 49- 
61%  at the dominant species level and 37-52%  for individual trees. The accuracy can be 
improved to 95%  and 68%  respectively by using multiple variables. The inclusion o f  
proportion o f  return-type greatly improves classification accuracy at the dom inant species 
level, but not for individual trees, while canopy height improves accuracy at both levels. 
Overall differences in intensity and return-type between species largely reflect variations 
in the physical structure o f  trees and stands. These results are consistent with the findings 
o f  others and point to airborne laser scanning as a useful source o f  data for species 
classification. However, there are still many knowledge gaps that prevent accurate 
mapping o f  species using ALS data alone, particularly with relatively sparse datasets like
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the  o n e  used in th is  study. F urther  investiga tions using o the r  datase ts  in d if fe ren t  forest 
types  will likely result  in im provem en ts  to spec ies  identif ication  and  m a p p in g  fo r  som e 
t im e to  com e.
K eyw ords:  N orth  A m erica ;  conifer;  laser scanning; intensity; tree  species.
In troduc t ion
A irbo rne  laser  scann ing  (A L S )  has recen tly  becom e a key  te chno logy  for 
gene ra ting  m e asu rem en ts  to  support  fo rest inventor ies  (M eans  et al. 2000 ; G o b a k k e n  and  
N aesse t  2004; M aas  et al. 2008).  The  abili ty  o f  laser scann ing  to p rov ide  d irec t  e s t im ates  
o f  ca n o p y  s tructural features such as height,  canopy  closure ,  and  stem dens i ty  is h igh ly  
ad v a n ta g eo u s  in the  inventory  data collection . H ow ever ,  on e  im portan t  l im ita tion  o f  
A L S -d e r iv e d  inventories  is the  d ifficu lty  in iden tify ing  tree species .  C onsequen t ly ,  
fores te rs  con t inue  to  rely on  pass ive  rem o te  sens ing  c lassifications,  field surveys ,  an d  a 
priori k n o w ledge  o f  vege ta tion  d is tr ibu t ions  to  genera te  spec ies  da ta  (C och rane ,  2000; 
A sn e r  et al.,  2002). B ecause landscape-level acqu is i t ions  o f  traditional r em o te  sens ing  
( im agery )  and  A L S  data  co m b in ed  w ith  field m e asu rem en t  are  co ns idered  ex p ens ive ,  an 
a l te rna t ive  schem e is to  o p tim ize  the  use fu lness  o f  laser scann ing  data, by ex p a n d in g  its 
ab i l i ty  to  p rov ide  addi t iona l in form ation  conten t such as tree species .  Severa l  researchers  
have  specu la ted  that spec ies  d isc rim ina tion  is possib le using laser  data  d irec tly  
(H o lm g re n  and  Persson , 2004; M offie t  et al., 2005 ; B randtberg ,  200 7 ;  0 r k a  et al.,  2007),  
in part because  m ost m odern  laser  scann ing  sys tem s  record  the  in tensity  o f  individual 
returns.
The  m o s t  recen t s tudies  co n d u c ted  in S cand inav ian ,  A us tra l ian  an d  Scottish 
forests  respectively ,  have  sh o w n  tha t  in tensity  is useful to  d is t ingu ish  be tw een  d if fe ren t 
tree species ,  particu larly  w h en  used in con junction  w ith  s tructural var iab les  such  as return 
ty p e  an d  p ropo rtions  o f  heigh ts  and  ca n o p y  hits (H o lm gren  an d  Persson , 200 4 ;  M o ff ie t  et 
al.,  2 005 ;  D o n o g h u e  e t  al., 2007 ; 0 r k a  et al.,  2007).  T hese  ana lyses  w ere  m ost ly  
exp lo ra to ry  and  conduc ted  to  d isc rim ina te  be tw een  con ife r  and d ec iduous  tree  species
using high density data (3-10 returns/m 2). For exam ple, H olm gren and Persson (2004) 
applied linear and quadratic discrim inant analyses to differentiate betw een individual 
Scots pine, N orw ay spruce and deciduous trees in a Scandinavian boreal forest using both 
lidar intensity data and tree crow n shape. The proportion o f  returns located above crow n 
base height, the standard deviation o f  intensity and height, and the proportion o f  first 
returns were helpful for species identification. M offiet et al. (2005) used vegetation 
perm eability  (vegetation points/all points) and singular vegetation returns to distinguish 
betw een W hite cypress pine and Poplar box at the dom inant species level (the species 
having the greatest proportion o f  canopy area for each subplot by stand) and found that 
the proportion o f  singular returns contributed m ost o f  the discrim inatory pow er (overall 
classification accuracy -7 7 % ). A  clear distinction betw een the tw o species w as not 
apparent at the individual tree scale. D onoghue et al. (2007) com pared norm alized 
intensity for spruce and pine trees in G allow ay forest o f  Scotland using one-w ay 
A N O V A  to show  that discrim ination w as possible using m ean intensity (p-value < 0.05). 
The m ost recent study, conducted by 0 rk a  et al. (2007), identified spruce, birch and 
aspen in N orw ay w ith Principal C om ponent A nalysis (PC A ) and linear d iscrim inant 
analysis (LDA). These authors used a com bination o f  five com ponents (m ean intensities 
o f  first and second returns, standard deviations o f  first, second and single returns) to 
generate a classification w ith overall accuracy o f  74%.
Each o f  the aforem entioned studies utilized relatively high-density datasets that 
are generally  obtained using slow, low-flying, rotor-w ing aircraft. In w estern N orth 
A m erican forests, ALS system s are typically flow n aboard fixed-w ing aircraft at h igher 
altitudes, usually resulting in data densities m ore than an order o f  m agnitude sm aller in
size than those obtained from typical helicopter acquisitions. Additionally, complex 
terrain, large environmental gradients, and mixed species composition/ forest structure 
complicate classification o f  vegetation properties. In western Montana, U.S.A., the 
location o f  our study area, forests occupy 7.5 million hectares, and are mostly dominated 
by multi-aged ponderosa pine (Pinusponderosa), Douglas-fir (Pseudotsuga menziesii), 
western larch (Larix occidentalis) and even-aged lodgepole pine (Pinus contortd) (Arno,
1979). Correctly classifying these four conifer species is a pre-requisite o f  forest 
inventory in the region, and if  ALS is to be used, the size o f  the landscape dictates the use 
o f  relatively sparse laser scanner data.
This study tests the capacity o f  relatively low density (< 1 return/m2) ALS 
structure and intensity data for discriminating between the four previously cited tree 
species in a montane mixed conifer forest at dominant species and individual tree scales. 
Exploratory Data Analysis (EDA), Pearson correlation, one-way A N O V A , and Linear 
Discriminant Analysis (LDA) are used at the levels o f  plot-level dominant species and 
individual tree to characterize (1) differences/similarities in the proportion o f  vegetation 
return types as a function o f  tree species, (2) the relationships between return types and 
intensities, and (3) many o f  the intensity variables that are most useful for classifying 
species. This work corroborates the findings o f  others studying tree species 
discrimination in Europe and Australia, but differs from previous research in that all 
combinations o f  discriminating variables are examined.
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M ateria ls
The study site is The University o f  M ontana’s Lubrecht Experimental Forest 
(LEF) in the Blackfoot River drainage, 40 km northeast o f  Missoula, Montana 
(approximately N 46 0 53 ’ W 113 0 2 7 ’, with elevations from 1160 to 1930 m) as shown 
in Figure 1. Approximately 45%  o f  the area has a slope gradient over 30%, with the 
steepest gradients exceeding 90%  (Nimlos, 1986). LEF covers 11,300 hectares and is 
dominated by western larch and Douglas-fir on the north facing slopes and ponderosa 
pine on south facing slopes, with a substantial intermixing o f  species. The eastern portion 
o f  the forest is represented by even-aged stands o f  lodgepole pine, with subalpine fir 
(Abies lasiocarpa) dominant in higher elevations.
L ub rech t E x p erim en ta l F o re s t. M on tana
Montana
8  Km
Figure 1. Lubrecht Experimental Forest, Montana.
In LEF, m o s t  ponderosa  p ine trees  are  rep resen ted  by  high open  c ro w n s  w ith  
needle -l ike  leaves in bundles  o f  tw o  o r  th ree  tha t  are  g reen  in color.  T h e  c ro w n  is 
irregular  and  flat a l though  som e trees  are  s lightly  conical near  the ir  tops  (F igu re  2). 
D oug las -f ir  typ ically  has a  pyram idal ,  sym m etr ica l  c ro w n  w ith  need le -l ike  leaves  tha t  are 
b lu ish -g reen  in color. M ostly ,  the ca n o p y  is dense,  d ep e n d in g  on  site conditions.  
M eanw hile ,  lodgepo le  pine is charac ter ized  by a long, s lender  trunk. T h e  c ro w n  is th in  on 
the  to p  w ith  needle -l ike  leaves in bund les  o f  tw o  that are shor te r  than  those  o f  the  
ponderosa  pine. In dense ,  even -aged  stands, the  canopy  top  is g reen  w h ile  the  m id d le  and 
low er  parts  are dom ina ted  by dead  b ranchw ood .  W este rn  larch is the  on ly  d ec id u o u s  
con ife r  tree in the s tudy  area ,  character ized  by an open ,  na r row  con ic  c ro w n  w ith  leaves 
c lus te red  on  b ranches  tha t  turn y e l lo w  in au tu m n  and  fall to the  ground.
P lo t 2 2 -1 . D o u g la s -f ir  d o m in a te d  plo t P lo t 11-3 . P o n d e r o s a  p in e  d o m in a te d  p lo t
P lo t 1 2 -8 . L o d g e p o le  p in e  d o m in a te d  plo t P lo t 15 -8  W e s te rn  la rc h  d o m in a te d  plo t
Figure  2. R ep resen ta tive  tree s tructures  o f  the  L ubrech t E xper im en ta l  Forest,  M ontana .  
Field  d ata
A total o f  6 1 rec tangu la r  plo ts  (20 x 20  m 2) w ere  es tab l ished  us ing  a  s tratif ied 
r andom  sam ple  in tw o  steps. First,  l idar ca n o p y  heigh t m ode l (C H M ) charac ter is t ics  
(canopy  dens ity  and  heigh t variance)  w ere  used to genera te  five d if fe ren t canopy  
structures: (1) d ense  single strata  s tands (D S S ) ,  (2) d ense  multi s tra ta  (D M S ) ,  (3) 
m o d e ra te  m ulti  s trata  (M M S ) ,  (4) M odera te  s ing le  s trata (M S S ),  an d  (5) open  (O P E N )  
(a f te r  R ow ell  et al. 2006).  Second , a  point gene ra to r  p laced on  the  s tudy  area  w a s  used to 
g ene ra te  plots , w h ich  w ere  subsequen t ly  s tratif ied ac ross  the  s truc tu re  classes .  It is w orth  
ack n o w led g in g  tha t  the  plots , on  w h ich  1555 trees  w ere  m easu red ,  w ere  or ig ina lly
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located to  validate an au tom ated  tree s tem  identification  a lgori thm  (not d irec tly  re la ted  to 
th is research) .  F or  the  purposes  o f  this study, 43 o f  the  61 plo ts m eet a  d o m in a n t  spec ies  
criteria,  w here  dom inan t  species  is > 7 0 %  on  a tree  coun t  basis. The  7 0 %  th resho ld  w as  
se lec ted  to balance  the  need  for w ith in -p lo t  species  h om ogene i ty  ag a in s t  n u m b e r  o f  plo ts 
ava ilab le  for analysis .  F ou r  plo ts  w ere  located in D SS  w ith  an  ave rage  o f  60  trees /p lo t  
and  m ean  tree  heigh ts  o f -  10 m, five plo ts w ere  in D M S  cons is t ing  - 5 0  tree s /p lo t  and  
m ean  tree  he igh ts  o f - 1 3  m, and  the  rem ain ing  plo ts  w ere  d is tribu ted  in M S S, M M S ,  and  
O P E N  as sh o w n  in T ab le  1. M M S  has the h ighest av e rage  c ro w n b ase  he igh t (C B H )  w hile  
D S S  has a sm alle r  m ean  heigh t than  o the r  classes.
Tab le  1. Plot distribution  and  character is tics  o f  canopy  structures.
Struc tu re  C lass No.
Plots
C anopy
C over
Type C anopy  C over
Height
variance
Type
Struc ture
Tree/plot
Height (m) C ro w n b a se  (m)
Mean Min. Max. Mean Min. Max.
D ense  Single S trata 4 >65% C losed <20.25 Single Strata 59.75 9.89 7.96 11.83 5.38 322 6 2 3
D ense  Multi stra ta 5 >65% C losed >20.25 Multi strata 50.20 1326 1125 15.94 7.00 4.49 10.38
M oderate Single Strata 14 35-65% M oderate C losed < 2 0 2 5 Single S trata 39.14 13.12 10.11 17.11 6.71 2.69 11.16
M oderate Multi S trata 12 35-65% M oderate C losed > 2 0 2 5 Multi strata 22.17 19.11 12.36 25.88 9.83 5.94 14.33
Open 8 < 35% Open Open 7.38 16.69 7.76 22.72 8.56 1.80 13.19
T rees hav ing  d iam ete r  at breast heigh t (D B H )  >  7 cm  w ere  m e asu red  an d  ca n o p y  
w id th s  in tw o  perpend icu la r  d irec tions  ( in te rsected  ap p rox im ate ly  in the  m idd le  o f  a 
s tem ) w ere  recorded. T rees  w ith  D B H  < 7 c m  w ere  ta llied by species .  T re e  he igh ts  and  
C B H  w ere  m easu red  us ing  a Forest Pro L aser  w ith  an  effec tive  ac cu rac y  o f  0 .3 m  (L ase r  
I echno logy ,  2007 )  and  tree posit ions w ere  recorded  by  m easu r ing  range  and  d is tance
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from  m on u m e n te d  plot co rners ,  w hich  w ere  located using d ifferentia lly  co rrec ted  G P S  
m e asu rem en ts  (average  accu racy  o f  ±  1.5 m). A dd it iona lly ,  each tree  w as  c lassified  using 
K raft-c lass  as dom inan t,  codom inan t ,  in term ediate , and  suppressed  (O l ive r  and  L arson , 
1996). A t  the  d o m in a n t  spec ies  level,  19 plots w ere  rep resen ted  by D oug las -f i r  w ith  an 
av e rage  o f  33 trees /p lo t  fo llow ed by ponderosa  p ine (11) cons is t ing  o f  21 trees/p lo t ,  
w estern  larch (7) and  lodgepole  p ine (6). T h e  range o f  tree heights  w ith in  plo ts 
dom in a te d  by D oug las -f ir  w as  8 - 26 m w ith  a m ean  o f  ~ 1 4  m. L odgepo le  p ine plots 
con ta ined  m ost ly  even -aged  trees  with a m ean  heigh t o f  13 m and  C B H  o f  7 m  as sh o w n  
in Tab le  2. A t  the  level o f  individual tree, 225 trees  m easu red  in the  f ield  w ere  co ­
identif ied  in the  laser  re turns (p rocess  descr ibed  below). O f  these ,  D oug las -f ir  w as  the  
m o s t  ab u n d a n t  (84 trees),  distr ibuted  w ith in  five d if fe ren t  ca n o p y  s truc tu re  c lasse s  w ith 
an  av e rage  tree heigh t o f - 1 8  m eters  fo llow ed  by w es te rn  larch (63), lodgepo le  p ine (44), 
and  ponderosa  p ine (37). In general ,  w estern  larch exh ib ited  la rger  C B H  than  the  o the r  
species.
Tab le  2. D escrip tion  o f  trees  w ith in  (a) d o m in a n t  spec ies  and  (b) ind iv idual tree  species.
S pecies No. P lo ts Average trees 
(trees) pe r plot
Height (m) DBH (Cm) C row nbase  (m)
Mean Min. Max. Mean Min. Max. Mean Min. Max.
Douglas-fir (a) 19 32.47 14.25 7.96 25.88 22.47 11.42 40.68 7.49 3.22 14.33
(b) 84 17.89 5.10 30.20 29.58 7.00 64.60 9.31 0.30 18 20
P o n d e ro sa  pine (a) 11 21.18 16.32 11.43 23.59 25.58 16.74 39.21
toCO 4.15 13.19
(b) 41 ■ 18.28 4.20 28.80 30.21 9.20 77.47 9.18 0.40 15.20
L odgepole  pine (a) 6 42.83 13.69 10.11 17.11 17.86 12.69 25.20 6.82 2.69 11.16
(b) 37 15.55 7.00 20.40 21.14 8.00 41.40 8.53 1.70 14.80
w este rn  larch (a) 7 36.57 17.15 7.76 24.03 21.71 12.53 40.77 8.97 1.80 11.61
lb) 63 22.14 5.20 35.30 29.41 7.11 56.50 12.15 2.00 19.70
A irb o rn e  laser scan n in g  d ata  acqu isit ion
A irbo rne  Laser  Scann ing  data  w ere  ob ta ined  in Ju ly  27  and A u g u s t  17, 2005 
using L eica  G eo sy s tem s  P roprie tary  A L S 50 .  T h e  system  w as  f low n  aboard  a  f ix -w ing  
a irc ra ft  at m ean  fly ing heigh t o f  1828 m eters  above  m ean  terrain  e leva tion .  T h e  da ta  w ere  
scanned  a t  nom ina l 1.5 m e te r  post spac ing  ac ross  the  t rack  o f  the  f light s tr ips gene ra ting  
an  irregular  grid  o f  data  po in ts  on  the  ground. In form ation  regard ing  post f light 
p rocess ing  o f  the  da ta  and  detailed  param ete r  fo r  this acqu is i t ion  is sh o w n  in T ab le  1 o f  
C h a p te r  2.
M e t h o d s
D elineation  o f  indiv idu a l trees
F o llow ing  in tensity  norm aliza tion ,  individual trees  w ere  de l inea ted  us ing  a stem 
identif ica tion  a lgori thm  (R ow ell ,  et al., 2009 )  based on  a com bina t ion  o f  var iab le-  
w in d o w  local m a x im a  filtering (Popescu  an d  W ynne ,  2004)  and  n e ig h b o rh o o d  canopy  
heigh t va r iance  and  return density  (R ow ell ,  et al. 2006).  R e tu rns  w ere  c l ipped  f rom  the 
C H M  on  plot boundar ies .  The  LM  m ethod  an tic ipa tes  canopy  w id th  as  a  function  o f  
heigh t (and  s tand  structure) and  searches  a  c irc le  w ith  d im e n s io n s  o f  ex p e c ted  canopy  
w id th  fo r  po in ts  h igher  than the  cand ida te  point. I f  none  are  found , the  cand ida te  po in t  is 
a s su m ed  to be a  tree top. T h is  eva lua tion  is conduc ted  on  every  po in t  in the  C H M  to 
p ro d u ce  a  s tem  m ap. It is w orth  no ting  tha t  canopy  overlap ,  a s  well as sub tle  va r ia t ions  in 
field an d  lidar s tem  geom etr ies ,  com plica tes  the  as s ig n m e n t  o f  re turns  to stem s. For 
exam ple ,  it is d ifficu lt  to parti t ion  re turns located w ith in  ov e r la p p in g  ca n o p ie s  o f  
dif fe ren t tree  species  to  a  part icu la r  tree, po ten tia lly  affec ting  in tensity  ana lys is
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(H o lm g ren  and  P ersson , 2004). A dd itio n a lly , no t all tree s  in the fie ld  can  be linked  to  
la ser-d e tec ted  stem s due to  stem  detec tion  inaccu rac ies  and  m e asu rem en t o ffse ts  (P ersson  
e t al. 2002 ; R ow ell e t a l. 2006 ). T he stem  d e tec tio n  a lgo rithm  used  in th is  s tudy  p roduced  
a  roo t m ean  square  e rro r  (R M S E ) o f  17 stem s p er all p lo ts  (4 6 .8% ) fo r o v ers to ry  and 
in te rm ed ia te  trees  ac ro ss  all s truc tu re  types (R ow ell e t a l., 2009 ). D ue to  th e  issues 
d escrib ed  above , the  fo llow ing  p ro ced u res  w ere  ca rried  o u t to  m atch  ind iv id u al field  and  
laser stem s and  to  assig n  re tu rns to  each  o f  them .
M atching Field and L aser stem s
E ach  detec ted  tree  w as p lo tted  on a m ap and  tied  to  a  co rre sp o n d in g  field  
m easu red  tree  u sing  a  n ea res t n e ig h b o r app roach . T h is  w as pe rfo rm ed  by  ca lc u la tin g  the  
c lo ses t field  m easu red  tree  location  co rresp o n d in g  to  the  d e tec ted  stem  (x ,y -d is tan ce ) 
w ith  the  m ax im u m  o f  1.5 m e te r d iffe ren ce . O nce a fie ld  and  laser stem  w as m atch ed , the  
es tim a ted  tree  canopy  d ia m ete r w as u sed  to  ass ig n  laser re tu rn s  to  the  ind iv id u al tree . 
R e tu rns from  n o n -o v erlap  canopy  tree s  w ere  au to m atica lly  sep ara ted  and  ass ig n ed  to  
co rre sp o n d in g  tree s , w h ile  re tu rns  from  the  o v erlap p ed  can o p ie s  o f  tw o  o r m o re  tree s  o f  
th e  sam e sp ec ie s  w ere  tied  to  the  ta lle s t tree . O v erlap p in g  tree s  o f  d iffe ren t sp e c ie s  w ere  
rem oved  from  co n sid era tio n . O n ly  trees  w ith  th ree  o r m ore  laser re tu rn s  a t h e ig h ts  ta lle r  
than  2 .0  m eters  w ere  used  fo r in tensity  an a ly sis  to  m in im ize  e rro n eo u s  inc lu sion  o f  
g ro u n d  re tu rns. A  to ta l o f  225 o u t o f  753 trees  w ere  se lec ted  w ith  an  av e rag e  o f  20 
re tu rn s p er tree . O n ly  v ege ta tion  re tu rns  w ere  used  and  c lassified  into th ree  ty p es: “ a l l . '’ 
" f irs t,5' and  " s in g le "  retu rns. A ll re tu rns  w ere  defined  a s  the  to ta l o f  laser re tu rn s  
d e lin ea ted  w ith in  each  tree  crow n . T h is inc luded  the  first, second , and  th ird  re tu rn s.
A lthough  few  fourth re turns w ere  recorded, they  w ere  located a t  the lo w er  c a n o p y  (<  2.0 
m eters  in height)  and au tom atica lly ,  w ere  no t  included. T h e  first re turns  w ere  the  first o f  
m ult ip le  re turns  w h ile  the  single re turns w ere  descr ibed  as the  on ly  re turns recorded  for 
g iven  pulses.
Statistical Analysis
Fourteen  variab les  w ere  ca lcu la ted  fo r  plo t- level d o m in a n t  spec ies  an d  th e  sam e 
14 var iab les  w ere  gene ra ted  for individual trees  (Tab le  3). T hey  include: (1) percen t o f  
first an d  single re turns (P C T F  and  PC TS),  (2) m e an s  o f  ca n o p y  he igh ts  fo r  all,  first,  and  
sing le  re turns (M C A , M C F, and  M C S ) ,  (3) s tandard  dev ia tions  o f  c a n o p y  he igh ts  fo r  all 
return  ty p e s  (S D M C A , S D M C F ,  and  S D M C S );  (4) m ean  in tensity  o f  all, f irst and  single 
re tu rns  (M IA ,  M1F, an d  M IS); an d  (5) s tandard  dev ia tion  o f  m ean  in tensity  o f  all,  first 
an d  single re turns  (S D M IA , S D M IF , and  S D M IS ).
A  set o f  Explo ra to ry  D ata  A na lyses  (E D A ) and  th ree  statistical ana ly ses  w ere  
pe rfo rm ed .  The  ED A  m ethod  uses the  bo x -w h isk e r  p lo t to  descr ibe  cha rac ter is t ics  o f  
in tensity  from  d o m in a n t  species  class an d  individual tree species .  T h e  Pearson  co rre la t ion  
ana lys is  w as  per fo rm ed  fo llow ing  b ivaria te  scatterp lo t inspect ions to  eva lua te  
re la t ionsh ips  be tw een  the  variables . T h is  ana lys is  w as  co n d u c ted  to  eva lua te  th e  d eg re e  to 
w h ich  pairs  o f  variab les  are rela ted . It a lso indicates  h o w  m a n y  var iab les  are  corre la ted  
each  o the r  and  is used to help  se lect the  appropr ia te  variab les  fo r  the  L D A , in con junc tion  
w ith  Principal C o m p o n en t  A nalys is  (P C A ).  O n e-w ay  A N O V A  w ith  T u k e y ’s pos t  hoc 
tests  w ere  used to eva lua te  d if fe rences in be tw een  spec ies  c lasses  and  to  co m p u te  
m ult ip le  co m p ar iso n s  s im u ltaneous ly  (14 pairw ise  c o m p ar iso n s  o f  m eans) ,  w hile
m ain ta in ing  s ign ificance at the  0.05 level. F undam enta l  k n o w ledge  abou t these  tests  is 
well  d o cu m en te d  in several publicat ions (Q uinn  and  K eough ,  2002 ; W hea te r  an d  Cook, 
2005 ; W arner,  2008).  PC A  w as  per fo rm ed  to  exp lo re  var iance ,  and  to se lect m ult ip le  
variab les  fo r  ana lys is  and the  result w as  not presented .
L inear  D isc rim inan t A nalys is  (L D A ) w as  perfo rm ed  to c lassify  spec ies  at 
d o m in a n t  and  individual tree levels  and to  eva lua te  predic tors  (var iab les)  o f  im portance  
to  c lass  d ist inctions. L D A  assu m ed  tha t  spec ies  c lass  d is t r ibu t ion  w as  norm ally  
d is tribu ted  and  it w as  carried  out w ith  equal priori probabil it ies.  C ross -va l ida t ion  (leave- 
on e -o u t  m e thod)  w as  used to assess  the  accuracy  o f  the  d isc rim inan t ana ly s is  du e  to a 
lack o f  independen t data. A cc u ra cy  assessm en ts  w ere  perfo rm ed  on a  p lo t bas is  for 
do m in a n t  species  and  on a  tree coun t  bas is  fo r  individual trees. C o h e n ’s K appa  
coeffic ien ts  w ere  also ca lcu la ted  to m easu re  the  ag reem en t  b e tw een  the  c lassifications.  
T h e  K ap p a  class va lue  sugges ted  by M onse rud  an d  L ee m an s  (1992)  w as  used to  rate  the 
ag re em e n t  as p o o r  (0 .40),  fa ir  (0 .40-0 .55),  good  (0 .55-0 .70),  very  g ood  (0 .7-0 .85) ,  and 
exce l len t  (>0.85).
Table 3. Variables used in the analysis.
Acronym Description
PCTF Percent o f firs t canopy returns
PCTS Percent o f single canopy returns
MIA Mean intensity o f all returns
SDMIA Standard deviation of intensity o f all returns
MCA Mean canopy height o f all returns
SDMCA Standard deviation o f canopy height o f all returns
MIF Mean intensity o f firs t returns
SDMIF Standard deviation o f intensity o f firs t returns
MCF Mean canopy height o f firs t returns
SCMCF Standard deviation of canopy height o f firs t returns
MIS Mean intensity o f single returns
SDMIS Standard deviation of intensity o f single returns
MCS Mean canopy height o f single returns
SDMCS Standard deviation o f canopy height o f single returns
R esu lts
Results are presented separately for dominant species and individual trees. 
W ithin each section, individual variables are summarized first, results o f correlative 
analysis, A N O V A , and Tukey’ s are presented second, and the outcomes o f Linear 
Discriminant Analysis and classification are presented last.
D om inant Species
R eturn  types, heights and  intensity
Table 4 shows the distribution o f laser return-type proportions and the canopy 
heights o f return types. Douglas-fir intercepts more single returns (44%) than the other 
three species while Ponderosa pine intercepts the fewest. Western larch exhibits a higher
percen tage  o f  first returns (69% ) than  o the r  species. In general ,  m ean  heigh ts  o f  
iodgepole  p ine re turns are low er than o the r  spec ies  ac ross  return  types  w h ile  w estern  
larch has the h ighest m ean  heights.
Tab le  4. L ase r  return character is t ics  w ith in  p lot-level d o m in a n t  spec ies  class.
S pec ies
A verage 
la se r re tu rn s 
p e r plot
A verage p e rcen tage  (%) 
re tu rn  type
H eigh ts o f re tu rn  ty p e  (m e te r )
All First Single
All F irst S ingle Mean Min. Max. Mean Min. Max. M ean Min. Max.
D ouglas-fir 331.68 100.00 44.03 43.76 12.55 2.00 29.77 12.33 2.02 28.82 14.28 2.00 29.77
P o n d e ro sa  p ine 250.45 100.00 64.14 23.41 13.20 2.00 29.33 13.42 2.02 26.87 14.80 2.01 29.33
L od g ep o le  pine 389.50 100.00 55.54 32.56 10.07 2.01 21.00 10.04 2.01 20.52 11.66 2.01 21.00
w e s te rn  larch 430.71 100.00 69.81 24.89 16.43 2.03 29.51 17.16 2.09 27.21 19.18 2.03 29.51
T h e  bo x -w h isk e r  plo ts  i l lustrating the character is t ics  o f  in tensity  and  s tandard  
dev ia t ion  are p resen ted  in F igure 3. T h e  plots indicate tha t  the  m ean  in tensity  o f  single 
re tu rns  is genera lly  h ig h e r  than o the r  return  types ac ross  all species .  D oug las -f ir  (D F )  is 
cons is ten tly  rep resen ted  by h igher  m ean  intensit ies for all return  types  than  the  o ther  
th ree  species .  T h e  d if fe rences  in m ean  intensit ies be tw een  Iodgepole p ine  (LP). 
po n d e ro sa  p ine (PP) and  w estern  larch (W L )  are  sm all as ref lec ted  by m e d ian s  tha t  fall 
be tw een  the  2 5 th and  75 lh percen tiles  o f  the  o the r  spec ies  for all, first,  and  s ing le  returns. 
T h e  bo x -w h isk e r  plo ts o f  the  s tandard  dev iation  o f  in tensity  sh o w  tha t  D oug las -f ir  
exh ib its  h ighe r  m ean  s tandard  dev ia tions  for all an d  first re turns  w h ile  fo r  th e  single 
return, the  d if fe rence  is w ith in  the  range o f  o the r  species. L o dgepo le  p ine sh o w s  h igher  
variab ili ty  in the  s tandard  dev iation  o f  s ing le  re turns than  the o the r  th ree  species.
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Figure 3. Box-whisker plots for plot-level dominant species for all, first, and single return 
types.
The Pearson correlations for 14 input variables are depicted in Table 5. The 
proportions o f  first (PCTF) and single returns (PCTS) are highly, negatively correlated (r 
< -0.70). However, both return type variables are weakly correlated with their 
corresponding mean intensities. All mean intensities are highly, positively correlated (r 
>0.70). The correlations between intensity and standard deviation vary, but in general all 
and first returns exhibit high correlation coefficients while single returns are weakly 
correlated (r <0.4). The three canopy heights and their standard deviations (SD M CA , 
SDM CF, and SDM CS) are weakly correlated with each other. Furthermore, most 
variables are not highly correlated, indicating independent behavior that may improve 
discrimination between species in Linear Discriminant Analysis (LDA). Consequently, 
all 14 variables were included in the LDA.
Table 5. Correlation m atrix o f  variables for plot-level dom inant species
PCTF PCTS MIA SDMIA MCA SDMCA MIF SDMIF MCF SDMCF MIS SDMIS MCS SDMCS
PCTF -
PCTS - 0.911 -
MIA ■0.750 0.786
SDMIA -0.601 0.508 0.734 -
MCA 0.355 -0 .410 ' -0.303 0.037 -
SDMCA 0.025 -0.160 -0.269 0.232 0.591 -
MIF -0.480 0.509 0.892 0.592 -0.221 -0.377 -
SDMIF -0.542 0.516 0.855 0.837 -0.138 -0.113 0.858
MCF 0.376 -0.440 -0.366 0.010 0.979 0 684 -0.294 -0.193 -
SDMCF 0.010 -0.132 -0.218 0.306 0.650 0.829 -0.333 -0.050 0.652 .
MIS -0.375 0.388 0.725 0.839 0.085 0.020 0.638 0.718 0.042 0.146 .
SDMIS -0.408 0.298 0.284 0.650 -0.077 0 339 0.198 0.492 -0.038 0.332 0.328
MCS 0.396 -0.427 -0.336 0.020 0.971 0.506 -0.244 -0.164 0.926 0.650 0.102 -0.190 .
SDMCS -0.031 -0.111 -0.229 0.078 0.141 0.775 -0.315 -0.140 0.288 0.412 -0.189 0.364 -0.013
Species d isc r im ina tion
Table 6 show s results o f  one-w ay A N O V A  and T ukey’s post hoc tests. The 
A N O V A s indicate significant differences betw een species for eight o f  14 variables {p- 
value < 0 .001) including percentages o f  first and single returns, mean intensities o f  all 
return types, and height o f  first returns. T ukey’s post hoc tests reveal significant 
differences prim arily betw een D ouglas-fir and the o ther three species for seven variables. 
The differences in mean standard deviations o f  intensities are significant for all and first 
returns (SD M IA  and SDM IF), but not for single returns (SD M IS) {p-value > 0 .1 ) . 
How ever, am ong three species (ponderosa pine, lodgepole pine, and w estern larch), the 
d ifferences are not apparent, w hich also is visually indicated by the box-w hisker plots 
(Figure 2). A lthough there is a significant difference in canopy heights {p-value <0.05) 
betw een the four species as represented by the A N O V A , T ukey’s indicates that the 
d ifference occurs betw een D ouglas-fir and w estern larch.
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T able  6. The  F statistic and  P -va lues from  o n e-w ay  A N O V A  for d o m in a n t  species
ANOVA T u k e y 's  p o s t  h o c  s p e c i e s  d iffe re n c e  ( s ig n if ic a n t  a t  th e  0 .0 5  le v e l )
V ariab le  ____________________________  __________________________________________________________________________________
F P -va lu e  D o u g la s -fir  (DF) P o n d e r o s a  p in e  (P P ) L o d g e p o le  p in e  (LP) w e s te r n  la rc h  (WL)
PC TF 19.44 <0.001 P P . LP, WL DF DF, WL DF, LP
PC T S 11.39 <0.001 P P . WL DF DF
MIA 27.37 <0.001 P P . LP, WL DF DF DF
SDMIA 23.65 <0.001 P P . LP. WL DF DF DF
MCA 3.54 <0.023 WL LP
SDMCA 2.31 <0.091
MIF 12.92 <0.001 P P . L P .W L DF DF DF
SDMIF 21.88 <0.001 P P . L P .W L DF DF DF
MCF 4.66 <0.007 WL WL D F. LP
SD M CF 1.74 <0.175 -
MIS 15.61 <0.001 P P , L P .W L DF DF DF
SDMIS 2.10 <0.116
M CS 3.21 <0.033 - WL LP
SD M C S 0.96 <0.426 - -
C lassifica tion
T h e  range o f  classification  accurac ies  us ing  a  single var iab le  is 4 9 -6 7 % . A 
su m m ary  o f  classification  accurac ies  p roduced  by L inear  D isc r im inan t  A na lys is  ( L D A )  is 
p resen ted  in Tab le  7. O n ly  c lass if icat ions  resu lt ing  in accu rac ie s  g rea te r  than  7 0 %  are 
show n. A ccu rac ie s  > 7 0 %  are ach ieved  us ing  m e an  in tensity  o f  all re turns  (M IA )  w ith 
e i ther  s tandard  dev iation  in tensity  o f  all re turns (S D M IA )  o r  w ith  m ean  c a n o p y  he igh t o f  
f irst re turns (M C A ).  A cc u ra cy  cons is ten tly  im proves  w hen  percen t return  types  (P C T F  
an d  P C T S )  are  inc luded  in the  analysis .  The  m a x im u m  accuracy  us ing  var iab les  se lec ted  
f rom  principal co m p o n en t  ana lys is  (P C A ) is 9 3 %  w ith  a  c ross -va l ida ted  accu racy  o f  
76% . H ow ever ,  a h igher  classification  accuracy  (9 5 % ) can be ac h ie v ed  w h en  all var iab les  
a re  used in the  ana lysis  (cross-validated  accuracy  o f  74% ). In the  la tter case , m ore  than 
8 4 %  o f  the  var iance in all variab les  is expla ined .
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T ab le  7. V ariab les  used in the linear d isc rim in a n t an a ly sis  and  overa ll accu racy  o f  
c lassifica tio n s >  70% .
V a ria b le s
Accuracy (%)
Original grouped Cross-validated
MIA. MCA 72.10 67.40
MIA. SDMCA 72.10 67.40
PCTF. PCTS. MIF. SDMIF 76.70 74.40
PCTF, PCTS. MIS. SDMIS 76.70 65.10
MIA. SDMIA. MIS. SDMIS. MCA. SDMCA 79 10 72.10
MIA. SDMIA. MCA. SDMCA, MIF. SDMIF. MCF 79.10 62.80
PCTF. PCTS. MIA. SDMIA 81.40 74.40
PCTF. PCTS. MIF. SDMIF. MIS. SDMIS 81.40 65.10
MIA. SDMIA. MCA, SDMCA. MIF. SDMIF 83.40 62.10
PCTF. PCTS, MIA. SDMIA. MIF. SDMIF. MIS 83.70 79.10
SDMIA. MCA. SDMCA. MIS. SDMIS. MCS. SDMCS 83.70 62.80
PCTF. PCTS. MIA. MIF. SDMIF 86 .0 0 79.10
PCTF. PCTS. MIA. SDMIA. MIF. SDMIF. MIS. SDMIS 86 .0 0 74.40
PCTF. PCTS. MIA. MIF. SDMIF. SDMCS 86.00 76.70
MIA. SDMIA. MIF, SDMIF. MIS. SDMIS. MCA. SDMCA. MCF. SDMCF. MCS. SDMCS 88.40 69.80
PCTF. PCTS. MIF. SDMIF. MIS. SDMIS. MCA. MCF, SDMCF. MCS. SDMCS 90.70 72.10
PCTF. PCTS. MIA. SDMIA, SDCMA. MIF, SDMIF. SCMCF, SDMCS 93.00 76.70
PCTF. PCTS. MIA. SDMIA. MIF. SDMIF. MIS. SDMIS. MCA. SDMCA. MCF. SDMCF. MCS. SDMCS 95.30 74.40
T ab le  8 show s the e rro r m atrix  fo r th e  c lassifica tio n  w ith  the  h ig h e s t accu racy  
(95% ). It is im portan t to  n o te  th a t w h ile  th e  c ro ss-v a lid a ted  c lass ifica tio n  is h igh  the 
overa ll accu rac y  is repo rted  using  the  o rig ina l se tting . T h e  b es t p ro d u ce r’s a c cu rac ie s  (the 
p ro p o rtio n  o f  re fe ren ce  p lo ts  co rrec tly  c lass ified ) a re  fo r D o u g las -fir  an d  w este rn  larch  
(1 0 0 % ) fo llow ed  by p o n d ero sa  p ine (9 1 % ) and  lodgepo le  p ine (83% ). T he u se r’s 
accu racy  (the p ro p o rtio n  o f  c lassified  and  re fe ren ce  p lo ts  th a t co rrec tly  co rre sp o n d ) is 
iden tical to  th e  p ro d u ce r accu racy . B oth  ev a lu a tio n s  (th e  p ro d u ce r and  u se r) m isc la ssify  
o n e  p lo t o f  p o n d ero sa  pine and  lodgepo le  p ine to  one ano ther. T h e  c lassifica tio n  
ag re em e n t is ex ce llen t as ind icated  by a  K appa  value  o f  g rea te r  than  0 .9 0  (M o n se ru d  and 
L eem ans, 1992).
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Table 8. Error matrix resulting from discriminant analysis (the accuracy o f 95%)
Field reference
D oug las-fir Ponderosa p ine Lodgepole pine w este rn  larch Row  tota l
A. C lassification
D oug las-fir 19 0 0 0 19
Ponderosa pine 0 10 1 0 11
Lodgepole  pine 0 1 5 0 6
w estern larch 0 0 0 7 7
C olum n total 19 11 6 7 43
B. C lassifica tion accuracy
P roducer's  accuracy User's accuracy
D oug las-fir = 100.00% D oug las-fir = 100.00%
Ponderosa pine = 90.91%  Ponderosa pine = 90.91%
Lodgepole  pine = 83.33%  Lodgepole  pine = 83.33%
w estern larch = 100.00% western larch = 100.00%
O verall accu racy = 95.35%  
Kappa va lue = 0.93
In d iv id u a l  trees
R e tu rn  types , he ights , a n d  intensity
The distribution o f return types and heights at the individual tree level is shown in 
Table 9. Ponderosa pine has the highest percentage o f first returns (61%) while Douglas- 
f ir  has the lowest. More than 56% o f returns are single returns for lodgepole pine while 
western larch has less than 24% single returns. Western larch is consistently represented 
by higher mean heights than the other three species (16 m, 17 m, and 19 m for all. first 
and single returns) while lodgepole pine is represented by the lowest.
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Table  9. L ase r  return character is tics  fo r  individual trees.
S p ec ies
A verage 
la se r  re tu rn s 
p e r tree
A verage p e rc e n ta g e  (%) 
re tu rn  type
H eigh ts o f re tu rn  ty p e  (m e te r )
All First Single
All F irst S ingle Mean Min. Max. M ean Min. Max. M ean Min. Max.
D ouglas-fir 17.93 100.00 46.53 42.27 13.99 2.00 29.77 13.76 2.15 28.10 15.90 2.07 29.77
P o n d e ro sa  pine 18.17 100.00 60.68 27.06 14.00 2.00 30.24 14.19 2.04 28.98 16.05 2.08 30.24
L od g ep ole  pine 21.95 100.00 49.60 46.46 10.49 2.01 21.00 10.86 2.03 20.52 11.76 2.05 21.00
W este rn  larch 20.54 100.00 56.98 23.10 15.97 2.04 35.12 16.65 2.09 31.81 19.04 2.04 35.12
Figure 4 show s box -w h isker  plots o f  intensities and  s tandard  dev ia t ions  ac ross  
species .  In tensity  is cons is ten tly  h igher  fo r  single re turns  than  fo r  all and  first returns. 
In tensity  is also h igh ly  variab le  ac ross  spec ies  classes ,  as ind icated  by  m in im u m , 
m a x im u m , and  first and  third percentile  values. D oug las -f ir  has  h ig h e r  m ean  intensit ies 
than  the  o the r  species  for all, first an d  single returns. H o w ever ,  m ean  in tensit ies  o f  
po n d e ro sa  pine, lodgepole  pine and  w estern  larch over lap  in range.
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Figure  4. B o x -W h isk e r  plots o f  intensity and  s tandard  dev ia tion  for all, First, and  single 
return  types.
T h e  bivariate  corre la tions be tw een  variab les  are sh o w n  in T ab le  10. The  
percen tage  o f  first and  single re turns  (PC TF  and  P C T S) are corre la ted  ( r  <  -0 .70) ,  but 
they do  no t show  s trong  corre la t ions  w ith  the ir  co r respond ing  m ean  in tensity  an d  heigh t 
variables . M ean  intensity is w ea k ly  corre la ted  w ith  its s tandard  dev ia tion ,  espec ia l ly  
a m o n g  s ing le  re turns (M IS  and  S D M IS ).  The  th ree  m ean  ca n o p y  he igh ts  (M C A , M C F, 
and  M C S )  are h ighly, posit ively  corre la ted  to each o the r  even  though  they  are  w eak ly  
assoc ia ted  with  the ir  s tandard  dev ia tions  (S D M C A , S D M C F , and  S D M C S ) .  A dd it iona lly ,  
in tensity  and ca n o p y  height variab les  are  w eak ly  nega tive ly  corre la ted .  A s  w ith  p lo t- level 
d o m in a n t  species, m ost  variab les  are no t h igh ly  corre la ted ,  ex c ep t in g  the  p e rcen tage  o f  
f irst and  s ing le  re turns (PC TF  and  PC TS).  Each o f  the 14 var iab les  is inc luded  in the  
m od if ied  L D A  because  they ap p e ar  to  conta in  d iffe rent inform ation.
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Table 10. Correlation matrix o f  intensity variables for individual tree species.
PCTF PCTS MIA SDMIA MCA SDMCA MIF SDMIF MCF SDMCF MIS SDMIS M CS SDMCS
PCTF -
PCTS -0 .707 -
MIA -0.283 0.431 -
SDMIA -0.247 0.200 0.549 -
MCA 0.114 -0.289 -0.119 -0.001 -
SDMCA -0.081 -0.221 -0.312 0.105 0.436 .
MIF -0.121 0.316 0.751 0.157 -0.160 -0.397 .
SDMIF -0.160 0 293 0.563 0 4 7 3 -0.930 -0.228 0 626 .
MCF 0.098 -0.348 -0.203 -0.024 0.947 0.544 -0.210 -0.142 .
SDMCF -0.005 -0.167 -0.207 0.057 0.357 0.704 -0.320 -0.130 0.318 .
MIS -0.170 0.157 0.674 0.630 0.108 -0.012 0.345 0.344 0.067 -0.024 .
SDMIS -0.147 0.201 0.008 0.157 -0.086 0.053 0.113 0.195 -0.053 0.014 -0.244 .
MCS 0.135 -0.323 -0.186 -0.010 0.959 0.495 -0.223 -0.148 0.888 0.404 0 101 -0.152 _
SDMCS -0.131 0.081 -0.194 0.019 -0.042 0.542 -0.169 -0.050 0.108 0.289 -0.152 0.403 -0.102
Species D iscr im ina tion
Differences between structure and intensity variables are presented in Table 11. 
With regard to A NOVA, most variables are significantly different between species Up­
value < 0.001), excepting standard deviations o f  intensity and height for single returns (p- 
value > 0.01). The results o f  T ukey 's  post hoc tests are more illuminating in terms o f  
highlighting where differences between each o f  the four species lie. For example, 
Douglas-fir is significantly different from the other three species in most o f  the intensity 
metrics (e.g., MIA, SDMIA, MIF, SDMIF, and MIS). Similar differences can be seen 
for the other tree species with different variables. For example, western larch is 
significantly different from the other species with respect to canopy height for first and 
single return types.
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Table  11. The  o n e-w ay  A N O V A  and  T u k e y ’s post hoc tests  at the  0.05 s ign ifican t  level.
Variable
ANOVA T u k e y 's  p o s t  h o c  s p e c ie s  d iffe ren ce  ( s ig n ifican t a t  th e  0 .05  le v e l )
F P-value D ouglas-fir(D F) P o n d e r o s a  p in e  (PP) L o d g e p o le  p in e  (LP) w e s te rn  la rc h  (WL)
PCTF 15.04 <0.001 P P . WL DF. LP P P . WL DF, LP
PC TS 45.32 <0.001 P P . WL DF, LP P P , WL DF. LP
MIA 45.56 <0.001 P P . LP. WL DF DF DF
SDMIA 16.22 <0.001 P P . LP. WL DF DF DF
MCA 16.29 <0.001 LP, WL LP DF. P P , WL DF, LP
SDMCA 11.66 <0.001 WL WL WL DF, P P , LP
MIF 22.26 <0.001 P P . LP, WL DF DF DF
SDMIF 22.54 <0.001 P P . LP. WL DF DF DF
MCF 19.06 <0.001 LP. WL LP, WL DF, P P . WL DF, P P . LP
SDMCF 8.67 <0.001 LP, WL WL DF, WL DF. P P . LP
MIS 35.53 <0.001 P P . LP. WL DF DF DF
SDMIS 0.69 <0.561
MCS 15.75 <0.001 LP.WL LP, WL DF. P P . WL DF, P P . LP
SDM CS 1.97 <0.120 - - -
Classification
The L inear  D isc rim inan t A nalys is  genera tes  classifica tion  accu rac ie s  rang ing  
from  3 7 -5 2 %  w ith  a  s ing le  variable. Tab le  12 show s the  resu lts  o f  c lass if ica t ions  w ith  
accu rac ie s  exceed ing  60% . A ccu rac ie s  g rea ter  than 6 0 %  are ach ieved  using  in tensity  
and  heigh t m etr ics  fo r  all returns (M IA  and  M C A ).  In con tras t  to th e  results  o f  the  
d o m in a n t  species  level ana lysis ,  the  percen tage  o f  re turn- type on ly  slightly  im proves  
classification  accu racy  fo r  individual trees. A ccu rac ie s  o f  6 8 %  (c ross-va lida ted  6 5 % )  are 
produced  using six  var iab les  der ived  from  all and first returns. W ith  th is  m ode l ,  s lightly  
m o re  than  82%  o f  var iance be tw een  species  is exp la ined . W hen  all var iab les  are  used, the  
accu racy  dec reases  slightly.
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Table 12. Variable groups used in discriminant analysis and overall accuracy o f 
classifications.
Variables
Accuracy ( % )
Original grouped Cross-validated
MIA. MCA 60.40 59.10
PCTF. PCTS. MIA, SDMIA 61.30 60.40
PCTF, PCTS, MIS, SDMIS 61.80 61.30
PCTF, PCTS, MIF, SDMIF, MIS, SDMIS 62.20 59.60
SDMIA, MCA, SDMCA, MIS, SDMIS, MCS, SDMCS 63.10 61.30
PCTF. PCTS, MIA, SDMIA. MIF, SDMIF, MIS, SDMIS 63.60 59.10
MIA, SDMIA, MCA, SDMCA 65.30 64.90
MIA, SDMIA, MIS, SDMIS, MCA, SDMCA 65.80 64.40
MIA, SDMIA, MCA, SDMCA, SDMIS 65.90 61.80
MIA, SDMIA, MCA, SDMCA, MIS 66.70 64.40
MIA, SDMIA, MCA, SDMCA, MIF, SDMIF, MCF 67.10 64.40
PCTF, PCTS, MIA, SDMIA, MCA, SDMIF, MCF, SDMCF, MIS, SDMIS, MCS 67.10 62.20
MIA, SDMIA, MIF. SDMIF, MIS, SDMIS, MCA. SDMCA, MCF, SDMCF, MCS, SDMCS 67.10 62.70
MIA, SDMIA, MCA, SDMCA. MIF, SDMIF 67.60 65.30
PCTF, PCTS. MIA, SDMIA, MCA, MCF, SDMCF, MIS. MCS 68.00 63.60
The error matrix for the highest accuracy species classification (68%) is shown in 
Table 13. Douglas-fir is best characterized while ponderosa pine is least well classified. 
A ll species are partially misclassified especially ponderosa pine and western larch, which 
often incorrectly classify to one another. Sim ilar to plot-level dominant species, 
ponderosa pine is also incorrectly classified to lodgepole pine and vice versa. The Kappa 
value o f 0.56 indicates that the classification agreement between laser variables and field 
data is good (Monserud and Leemans, 1992).
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Table 13. Error matrix resulting from discriminant analysis for individual tree species.
Field reference
Douglas-fir Ponderosa pine Lodgepole pine western larch Row total
A. Classification
Douglas-fir 65 4 1 4 74
Ponderosa pine 8 20 9 15 52
Lodgepole pine 6 5 26 2 39
western larch 5 12 1 42 60
Column total 84 41 37 63 225
B. Classification accuracy
Producer's accuracy User's accuracy
Douglas-fir = 87.80% Douglas-fir = 77.38%
Ponderosa pine = 38.46% Ponderosa pine = 48.78%
Lodgepole pine = 66.67% Lodgepole pine = 70.27%
western larch = 70.00% western larch = 66 .67%
Overall accuracy = 68.0% 
Kappa value = 0.56
Discussion
This research evaluates the usefulness o f normalized ALS intensity and structure 
data for discriminating between four abundant tree species in a mixed conifer forest in 
western North America. The results indicate that discrimination is achievable using 
relatively sparse laser data typical o f large-area, high-altitude acquisitions from fixed 
wing aircraft. Several points are drawn from the findings.
D o m in a n t  species
The variability in the proportions o f laser returns types and mean canopy heights 
(Table 4) indicates that interaction o f laser energy w ith canopy structural parameters is 
multi-dimensional, and that vertical and horizontal canopy variations affect laser 
interceptions. The significant difference in percentage o f first and single returns between
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plot- level dom inan t  species  m ay be exp la ined  by d if fe rences in ca n o p y  s tructure  with in  
and  betw een  plots. For exam ple ,  a low proportion  o f  single re turns  in w estern  larch is 
likely due to  the  open  canopy  fo rm  o f  th is  species. Small need le -l ike  leaves c lus te red  on 
sparse b ranches  o f  w estern  larch form  an open  ca n o p y  w ith  a  h igh  c row n base  (T ab le s  1 
and  2) increasing  the  likelihood tha t  a single pulse will have  m ult ip le  reflections. By 
contrast,  D oug las -f ir  dom ina ted  plo ts  o cc u r  w ith in  th ree  strata  (dense  single strata, 
m o d e ra te  multi strata and dense  multi s trata  stands).  The  co m p ac t  ca n o p y  o f  D oug las -f ir  
in these  strata  is expected  to in tercept m ore  s ing le  returns than first returns. F o r  species  
tha t  o ften  have  s im ila r  ca n o p y  structures, such as ponderosa  p ine and  lodgepo le  pine, the 
o b se rved  dif fe rences  in p roportions o f  return  types  are likely in fluenced  by  tree  density  
w ith in  the  plots. F ive  o f  six plots on w h ich  lodgepole  p ine is d o m in a n t  are  located  in the 
m o d e ra te  single strata  c lass  w ith  average  tree densities  h igher  than the  po n d e ro sa  pine 
p lo ts  d is tr ibu ted  ac ross  th ree  canopy  strata (m odera te  single strata, m o d e ra te  m ulti  strata, 
an d  O PE N ).
W ith  respect to intensity, the  fact that m ean  in tensity  o f  s ing le  re turns  is h igher  
than  o the r  return  types  ac ross  all species  classes  is intuitive, as pu lses  w ith  m ult ip le  
ref lec tions show  som e parti t ioning o f  ava ilab le  energy  b e tw een  the  ref lec tions du e  to 
m ult ip le  scattering. T h e  high intensity o f  D ouglas -f ir  ac ro ss  re turn  types  is p ro b ab ly  due 
to  ca n o p y  structure d if fe rences descr ibed  above  as well as species  specif ic  d iffe rences.  
T h e  dense,  b lu ish-green  canopy  o f  D oug las -f ir  trees  is likely to ref lec t h ig h e r  in tensity  
than  o the r  species. O n  the  o ther  hand, the  low in tensity  re turns o f  lodgepo le  p ine m a y  be 
a t tr ibu ted  to  the  p resence o f  ab u n d a n t  dead  b ranchw ood .  C onsequen t ly ,  in tensity  m a y  be 
com para t ive ly  reduced  due  to the  low er reflec tive ly  o f  w o o d y  m ateria l versus  leaves  in
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the n ea r  infrared, o r  m ore scattering. Schreier  et al. (1985) and  M off ie t  e t  al. (2005) 
found  tha t  in tensity  character istics w ere  affec ted  by s tructural d if fe rences  at bo th  s tands 
and  individual tree levels. Schre ie r  et al. (1985)  noticed that s tem density  d if fe rences 
betw een  Jack  pine s tands produced  variability  in return  intensity. H ow ever ,  they  also  
no ted  tha t  obse rved  variability  w as  not cons is ten t  ac ross  the ir  s tudy area, f ind ing  tha t  
y o u n g  Jack  pine and  ad jacen t Scots p ine p lan ta t ions exhib ited  s im ila r  in tensity  
character is t ics  desp ite  d if fe ren t  tree densities.  M offie t  et al. (2005)  a lso  no ted  that 
obse rved  intensity d if fe rences be tw een  P oplar  box and  C ypress  p ine d ep e n d ed  on stand 
s tructure  in addi tion  to individual tree attributes.
In Table 6, the m ost  d is t ingu ishab le  species  is D ouglas-f ir ,  w h ich  can be 
d if fe ren tia ted  from  the  o the r  th ree  species  using m any  dif fe ren t variables . In contrast,  
po n d e ro sa  p ine can on ly  be d iffe ren tia ted  from  D ouglas-f ir .  The  re la t ive ly  low  
classification  accurac ies  resu lt ing  from single variab le  ana lyses  sugges t  tha t  s tructura l  o r  
in tensity  variab les  a lone  are no t  su ffic ien t to  d is t inguish  one species  f rom  an o th e r  at a 
p lot-level.  H ow ever ,  high accuracy  is ach ieved  us ing  ju s t  tw o  uncorre la ted  var iab les  o f  
in tensity  and  heigh t o f  all re turns  (Tab le  7). By com parison ,  any  co m b in a t io n  o f  in tensity  
an d  heigh t derived  from  first o r  sing le  returns does  not result in a  high accu racy ,  even  
tho u g h  the  var iab les  exh ib it  s im ila r  statistical character is t ics  o f  (1) be ing  w eak ly  
corre la ted  to each o the r  as show n in Tab le  5, and  (2) exh ib it ing  a  sta tis t ica lly  s ign ifican t  
d if fe rence  (Tab le  6). T hese  results  indicate tha t  all re turns prov ide  bet ter  d isc rim inan t 
p o w e r  than  first o r  single re turns in descr ib ing  var iances  be tw een  the fou r  co n ife r  spec ies  
classes .  Such  indication  is likely due to the  statistical e ffec t that all re turns  are 
rep resen ted  by m ore  sam ples  than  first and  single returns. A ddit iona lly ,  im p ro v e m en ts  in
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classification  accuracy  ob ta ined  by including p roportions o f  return  types  is expec ted ,  as 
D ouglas-f ir ,  ponderosa  pine, lodgepo le  pine and  w estern  larch exh ib it  s ign ifican t 
d if fe rences in those  variab les  (Tab le  6). A t the  level o f  d o m in a n t  spec ies  by  plot,  it 
appears  tha t  s tructural d iffe rences are  as  im portan t  as species- level in tensity  
character is t ics  in the  classification.
It is w orth  no ting  that m any  o f  the forest s tands in the  s tudy  area  do  not m eet the 
dom inan t-spec ie s  th resho ld  o f  this research  (> 7 0 %  on a  tree basis), ra is ing  ques tions  
abou t  the  abili ty  to  d is t inguish  betw een  s tands with d iffe rent p roportions  o f  species. 
Further,  on ly  tw o  o f  43 plo ts  tha t  m et the  dom inan t  species  cr iter ia  con ta ined  less than 
8 0 %  d o m in a n cy  on  a tree bas is  ( the  rest w ere  > 8 0 %  single species).  O f  the tw o  plots , one 
cons is ted  o f  7 9 %  ponderosa  p ine and  2 1 %  D oug las -f ir  w hile  th e  o the r  cons is ted  o f  73%  
D ouglas -f ir  and  2 7 %  ponderosa  pine. The  fo rm er  plot exh ib ited  in tensity  va lues  tha t  
cen te red  on  m ean  in tensity  o f  po n d e ro sa  p ine (F igure  2). S im ilar ly ,  the  in tensity  v a lu es  o f  
the  latter  p lo t cen tered  on the  m ean  in tensity  o f  Douglas-f ir .  T h ese  tw o  obse rva tions  
ten ta t ively  suggest  tha t  the  70%  criterion  chosen  for this study reasonab ly  defines  
d o m in a n t  species. S im ply ,  the  7 0 %  th resho ld  is sufficient to represen t species  
character is t ics  at a  plot level.
In d iv id u a l  t r e e  level
The results  o f  the species  classification  for individual trees  are  s l igh tly  d if fe ren t  
than  at p lot-level d o m in a n t  species. A s  show n in T ab le  9, th e  high proportion  o f  single 
re turns  in lodgepole  p ine is likely due  to  the  un ifo rm ly  tight spac ing  o f  tree  c ro w n s  
character is tic  o f  the species. N ea r ly  85%  o f  lodgepole  p ine trees  used  in the  ana lys is  are
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from  p lo ts located  in m odera te ly  dense  sing le  stra ta  stands, w h ich  have a  g en e ra lly  c lo sed  
u p p er canopy . C o nverse ly , m ore  than  4 5 %  o f  D o u g las-fir  trees  w ere  se lec ted  from  
m o d era te ly  d en se  m ulti stra ta  stands, w h ich  are d istin g u ish ed  by h ig h e r h e igh t v ariance  
and  a  m ore open  upper canopy , w ith  m ore gaps for the  laser to  p en e tra te  into the  low er 
can o p y . T hese  trees  share  sim ila rities w ith  lodgepo le  pine in te rm s o f  p ro p o rtio n s  o f  
re tu rn  types. H ow ever, d esp ite  ob v io u s stand  structu ra l d iffe ren ces, the in tensity  o f  
re tu rns  is d iss im ila r be tw een  species. R etu rns from  lodgepo le  p ine a re  o f  re la tiv e ly  low  
in tensity , su g g estin g  th a t canopy  struc tu re  is no t the prim ary  fac to r a ffec tin g  in tensity . 
Instead , low  in tensity  m ay be due to  the  ab u n d a n t dead  b ran ch es a ttach ed  to  tree  stem s, a 
phen o m en o n  also  m an ifested  a t p lo t-level do m in an t species. O n the o th e r  hand , D oug las- 
fir co n sis ten tly  p ro d u ces the h ighest in tensity  re tu rn s, perhaps b ecau se  o f  its dense , 
co m p ac t can o p y  and flat, g reen  need le s  th a t are h igh ly  reflec tive  in the  n ear in frared . 
C lark  e t al. (2 003 ) repo rted  tha t D o u g las-fir  n eed les are m ore h igh ly  re flec tiv e  a t 
~ 1 0 0 0 n m  than  lodgepo le  p ine in the  sam e fo rest reg ion  as th is  s tudy . A n ecd o ta lly , then , 
in tensity  is no t on ly  a ffec ted  by canopy  c lo su re , bu t a lso  by sp ec ie s-sp ec ific  
ch a rac te ris tic s . T h is  f in d in g  co rro b o ra tes  p rev ious fin d in g s o f  M o ffie t e t al. (2 0 0 5 ) and 
0 r k a  e t al. (2007) su g g estin g  th a t canopy  ch a rac te ris tic s  and  fo liag e  re flec tiv ity  bo th  
in fluence in tensity , as do  o th e r  stem  e lem en ts  such  as b ranches and  tree  bark .
It is no tew o rth y  th a t none o f  the  14 v ariab les  ex am ined  can  b e  used  a lo n e  to  
p ro d u ce  a  c lassifica tio n  o f  > 7 0 %  at the ind iv idual tree  level ev en  though  m any  o f  them  
are  s ig n ifican tly  d iffe ren t betw een  species (T ab le  10). H ow ever, a  c lassifica tio n  
accu racy  o f  52%  using  m ean  in tensity  o f  all re tu rns suggests  th a t ag g reg a ted  re tu rn s  o f  all 
ty p es  (first, sing le , m u ltip le ) has the  best po ten tia l fo r c lass ifica tio n . In ad d itio n , w h ile
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the proportions  o f  return  types are  im portan t variab les  in classification  at p lo t level 
do m in a n t  species ,  these  variables on ly  s lightly  im prove d isc rim ina tion  at the  individual 
tree level.  This  m ay be exp la ined  by a  lack o f  inform ation regard ing  the source  o f  
individual laser re turns from  a tree c row n (e.g.,  w h e th e r  from  leaf, b ranch , s tem  o r  a 
com binat ion),  w h ich  m ust be h igh ly  variable. T h ese  resu lts  co l lec tive ly  sugges t  that 
structure and  in tensity  characteris tics  der ived  from  low density  ( - 0 .4 4 /  m 2) laser  data 
a lone  are not optim al fo r  species  d isc rim ina tion  a t  the  indiv idual tree level. 0 r k a  e t  al. 
(2007),  using high density  (5 po in ts /m 2) A L S  data  found  that the  in tensity  m etr ic  a lone 
did  not p roduce  a high accuracy  classifica tion  fo r  spruce, birch, and  aspen  in the  
S cand inav ian  forests  o f  N orw ay .  A dd it iona lly ,  they  found  tha t  a com bina t ion  o f  
intensit ies o f  first and  second  returns increased  accu racy  on ly  s lightly . In a  s im ila r  study, 
H o lm gren  and  P ersson  (2004)  show ed  tha t  a h igh accu racy  cou ld  be ach ieved  using a 
single var iab le  (the return proportion  o r  s tandard  dev ia tion  o f  in tensity) to  classify  
N o rw a y  spruce,  Scots pine, and  d ec iduous  trees. T h ey  also found  tha t  a  co m b in a t io n  o f  
bo th  var iab les  p roduced  a  classification  accuracy  app ro a ch in g  90% .
B y com parison ,  the re la tively low  classification  accurac ies  reported  in o u r  s tudy 
fo r  individual trees  even  w h en  using m any  d if fe ren t  com bina t ions  o f  laser m etr ics  
indicates  high variability  betw een  trees  o f  Douglas-fir ,  ponderosa  p ine , lodgepo le  p ine 
and  w estern  larch, w ith  cons iderab le  over lap  (F igure  4). For exam ple ,  the  frequen t 
m isc lass if ica tion  o f  ponderosa  pine and  lodgepole  p ine occurs  because  both spec ies  share  
in tensity  and  he igh t character is tics .  H o lm gren  an d  Persson  (2004) a lso  note tha t  h igh 
variabili ty  be tw een  individual trees  (bo th  w ith in  s im ila r  species  and  be tw een  dif fe ren t 
species)  contribu te  to low er  classification  accuracies .
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While it should be noted that classifying the four conifer species used in our study 
is imperfect at the individual tree level, it is worth acknowledging that Douglas-fir can be 
readily differentiated from the other species, especially from lodgepole pine. Further, 
preliminary results using other classification schema suggest that the obstacles identified 
in this study are not insurmountable. However, there is much additional research needed 
before species can be mapped operationally in western North American mixed-conifer 
forests. For example, fuzzy classifications, based on biophysical setting, canopy 
structure, or species associations may be necessary to deal with the class ambiguities that 
are almost certain to occur. Additionally, a prio ri knowledge o f  species present on a site 
may provide rule-outs for ambiguous classifications. Combining multispectral data with 
ALS data may also improve species identification and would provide additional 
validation.
Conclusions
The research presented here confirms that low density laser scanner data (< 1 
return/m2) is useful for discriminating between Douglas-fir, ponderosa pine, lodgepole 
pine, and western larch in mixed conifer forest. The overall classification accuracies o f  
95%  and 68%  can be achieved at plot-level dominant species and for individual tree 
respectively. Douglas-fir is the most readily distinguishable species among the trees 
examined while ponderosa pine and lodgepole pine are often misclassified. In general, 
proportion o f  return type, height, and intensity metrics individually are not sufficient to 
produce high accuracy classifications. Instead, using combinations o f  at least two 
variables with all return types improves classifications at both levels. The importance o f
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proportion  o f  return type variab les  for im prov ing  c lassifications o f  the four tree spec ies  at 
the  plot level does  not translate  into success  in c lass ify ing  individual trees. Such 
d if fe rence  is p robably  due  to the sensitivity  o f  laser m etr ics  to  plot and  tree  level 
s tructural varia tions as well as to species-spec ific  character is t ics  at both levels.
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In troduction
Tree species  data  are necessary  in forest inventories to  support  var ious 
m a n ag e m en t  activities inc lud ing  t im ber  production ,  b iom ass  es t im ation ,  w ild li fe  habitat 
delinea tion ,  and  site productiv ity  predic tion. Several stud ies  have  sh o w n  that a irborne 
laser scann ing  (A L S )  data  can be used to identify tree species  in d if fe ren t  forest 
ec osys tem s  (H o lm gren  and  Persson, 2004; 0 r k a  et al. 2007 ; M offie t  e t  al. 2005; 
B rand tberg  et al. 2003 ; Brandtberg ,  2007 ; D on o g h u e  et al. 2007; Sura tno  et al.,  2009). 
H o lm g ren  and  P ersson  (2004) and 0 r k a  et al. (2007) used heigh t and  in tensity  w ith  
quadra tic  and  linear d isc rim inant ana lyses  (Q D A /L D A )  to d if fe ren tia te  betw een  
d ec iduous  and  con ife r  trees  in Scand inav ian  forests. B randtberg  et al. (2003)  and 
B randtberg ,  (2007)  ana lyzed  A L S -der ived  c row n character is t ics  ( le a f  on /o ff)  using 
A N O V A  and  LD A  to  show  that oaks, red m ap les  and  y e l lo w  pop la r  in easte rn  h a rdw ood  
forest o f  the U nited  States exhib ited  d is t inct ca n o p y  s tructures. In A ustra l ian  sub-trop ica l 
forests ,  M offie t  et al. (2005) dem ons tra ted  tha t  w hite  cypress  p ine and  pop la r  box  trees  
w ere  separab le  by  app ly ing  exp lo ra to ry  data  ana lysis  and  L D A  on  vegeta tion  
perm eab il i ty ,  m ean  height,  and  intensity o f  d if fe ren t  return  types.  M o s t  recen tly ,  a  s tudy 
co n d u c ted  by  Sura tno  et al. (2009) show ed  tha t  com bina t ions  o f  m eans  and  s tandard  
dev ia tions  o f  norm alized  in tensity  and ca n o p y  heigh t w ere  useful for iden tify ing  four 
p rom inen t co n ife r  species  (D ouglas-fir ,  ponderosa  pine, lodgepole  pine , and  w estern  
larch) in m ixed  forests  o f  w estern  M ontana ,  U .S .A . The  latter  au thors  used A N O V A  and 
L D A  to  show  tha t  D oug las -f ir  w as  d is t inguishable  from  the  o the r  spec ies  us ing  in tensity  
m e tr ics  alone,  but d isc rim ina tion  be tw een  all four spec ies  requ ired  in tensity  and  heigh t
com binat ions .  D iscrim inatory  p o w er  w as  cons iderab ly  h igher  at p lot-level (0 .04ha)  than 
for individual trees.
The  co nsensus  o f  p rev ious w o rk  is that tree species  identification  is ac h ie v ab le  in 
a range o f  env ironm en ts  using com bina t ions  o f  A L S -der ived  structure and  in tensity  
m etr ics  w ith  reported  accurac ies  rang ing  from  67  to  95% . H ow ever ,  the  a fo rem en tioned  
stud ies  rep resen t isolated exam ples  at local scale with c o m m o n ,  but cons tra ined  
m ethodo log ie s  applied  to specific species  and  ecosys tem . In short, the  c lass if ica t ion  and 
m a p p in g  o f  tree species  at landscape scale using A L S -da ta  has no t  yet been  d em ons tra ted  
in the  literature. It is no tew or thy  tha t  L D A  with c ross-val idat ion  has been u til ized  by 
m any  researchers  to derive spec ies  classes  but not appl ied  to landscapes,  an d  I an tic ipa te  
cons iderab le  d ifficu lty  in the appl ica tion  o f  this techn ique  to landscapes  w ith  in te rspersed  
spec ies  because  m any  landscape fea tures  will not share  character is t ics  w ith  th e  c lasses  
used to create  the  d isc rim inan t functions. In addition ,  L D A  is unab le  to  se lec t th e  features 
fo r  c lassifica t ion  w hen  all c lass cen tro ids  are  over lapp ing  (J iep ing  et al.,  2006). 
C onsequen t ly ,  m ode ls  genera ted  from  d isc rim inan t functions m ay  p roduce  h igh  error  
rates w hen  a t tem pting  to  al loca te  fea tures  to classes  (K rzanow sk i,  1988).
A n  a l ternat ive  m e thod  s im ila r  to L D A  is m a x im u m  likelihood classification  
(M L C ).  W hile  L D A  is a  statistical es t im ation  requ ir ing  m ore steps p rior  to  us ing  it for 
c lassificat ion  w ith  som e co nsequence  m en tioned  above ,  M L C  is a  classification  
techn ique  w idely  used in the  rem ote  sens ing  com m unity .  M L C  is based  on the  p robabil ity  
dens ity  function  to ca lcula te  the  l ikelihood tha t  individual fea tures  be long  to  c lasses  
(L i l le sand  and  Kiefer, 2000).  O ne  w eakness  o f  M L C  is that eve ry  individual is ass igned  
to a c lass  regard less  o f  d is tance from  class  m ean . T h is  becom es  a p rocess ing  t im e
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(efficiency) issue when many variables are involved (Jia and Richards, 1994). In order to 
overcom e such problem , several studies propose reducing the num ber o f  variables using 
principle com ponents analysis, supervised classification, or m ulti-stage classification (Jia 
and Richards, 1994; Guohui et al, 1999; Jia and Richards, 2003). A m odel based on LDA 
functions w ould reduce variables.
The research described in this chapter is aim ed to dem onstrate that the low 
density airborne laser scanning (ALS) data is useful to map species at landscape level. 
O bjectives are: (1) to use the com m onalities in m etrics and m ethods o f  the previously 
cited w ork (Suratno et al., 2009) for m apping four conifer tree species, D ouglas-fir, 
ponderosa pine, lodgepole pine and western larch in an 11,300 ha study area in w estern 
M ontana, U.S.A at a 0.04 ha resolution, (2) to evaluate the consistency o f  produced maps 
using tw o different independent datasets, stand database (w alkthrough) and inventory 
dataset (0.25 acre / 0.10 ha circular plots), and (3) to produce a classification m odel as 
sim ply as possible.
Approach
The efficacy o f  ALS data to classify landscape and tree species at different scales 
has been shown in chapters tw o and three respectively. The im portance o f  structural and 
intensity variables were the main factors that distinguish ponderosa pine (Pinus 
ponderosa), D ouglas-fir (Pseudotsuga menziesii), w estern larch (Larix occidentalis) and 
lodgepole pine (Pinus contorta). These variables are exploited in this project and applied 
w ith a slight m odification o f  the m ethodology.
The d if fe rence be tw een  techn iques  used in th is  research  and  the  p rev ious  ana lyses  
(H o lm gren  and  Persson, 2004; M offiet et al. 2005 ; Sura tno  et al., 2009 )  is tha t  the 
separation  o f  “ m ixed  jo in t  d is tribu tion" betw een  classes  is perfo rm ed  separate ly .  F or  this 
p rocedure ,  a  tw o-staged  approach  is used. First,  L inear  D isc rim inan t A na lys is  (L D A )-  
based  classification  function coeffic ients  are generated  for tw elve  in tensity  and  heigh t 
variab les  and  com bined  in a linear equa tion  to  p roduce a  single layer rep resen ting  the 
in teraction o f  in tensity  and  height as a  function  o f  species. T h is  p rocedure  is a logical 
ex tens ion  o f  those  ana lyses ,  in w hich  L D A  has been used to d isc rim ina te  species. The  
percen tages  o f  return types  (first and  single returns) are  not included. Instead, the  percen t 
ca n o p y  co v e r  (P C C ) is used to  replace these tw o  var iab les  to reduce  the  n u m b e r  o f  
variab les  p roducing  a m odel as s im ple  as possible.
Second ,  a s tandard  superv ised  M a x im u m  L ike lihood  C lass if ica t ion  is appl ied  
us ing  the  m od if ied  L D A -spec ies  layer  and  P C C  w ith  equal prior p robabil it ies  o f  class 
sam ples .  T h e  rationale fo r  inc lud ing  PCC is that in addi tion  to reduc ing  th e  variables , 
obse rved  d if fe rences in intensity ap p e ar  to be at least as m uch  a function  o f  ca n o p y  
c lo su re  as species, and  investigation  o f  additiona l variab les  such as s tem  dens ity  confirm s 
the  re la tive  im portance  o f  PCC. M offie t  et al. (2005)  co rrobora te  th is  obse rva tion ,  
sugges t ing  that canopy  openness  and  spac ing  con tr ibu te  grea tly  to var ia t ions  in in tensity  
o f  laser  re turns due to canopy  fractional in te rception o f  laser ene rgy  w ith in  individual 
footprints.
M a te r ia ls  a n d  M eth o d s  
Study Site
T he L ubrech t E xperim en ta l F o rest (L E F ) located ap p ro x im ate ly  54  km  n o rth east 
o f  M issou la , M on tana  covers 11,300 h ec ta res  w ith  e lev a tio n s from  1160 to  1930 m. 
E stab lished  in 1937 as a  research , te ach in g  and  d em onstra tion  fo rest o f  M on tana  F orest 
and  C on serv a tio n  E xperim en ta l S tation  (M F C E S ), it is the  cen te r o f  fo re s t educational 
d ev e lo p m e n t a t the U n iversity  o f  M ontana. LEF is p art o f  th e  B lack fo o t R iver d ra in ag e  
ly ing  n ex t to  2 ,800  hec tares o f  fo rests  adm in istered  by th e  M on tana  D ep a rtm en t o f  
N atu ra l R esou rces and C onservation . T h e  m ajo r fo rest ty p es is do m in a ted  by w estern  
larch  and  D o u g las-fir  on  th e  north  fac ing  slopes and p o n d ero sa  p ine on  sou th  fac ing  
slo p es and  both  species la rge ly  m ix  in the low er w ell d ra ined  e leva tions. L o d g ep o le  pine 
is found  ab u n d an ce  as dense , ev en -ag ed  stan d s all o v e r  the easte rn  part o f  the  forest.
Field d a ta  collection
T h e field  da ta  used to  validate  the  la ser sp ec ies-b ased  c lassifica tio n  w as co llec ted  
in su m m er 2006  and  2007  fo llow ing  F IR E M O N  co llec tio n  p ro toco l (F IR E M O N , 2007). 
S ix ty -one  rec tan g u la r 0 .04  hec ta re  p lo ts  w ere  co llec ted  from  five can o p y  s tru c tu re s , 
in c lu d in g  dense  sing le  strata , dense  m ulti s tra ta , m o d era te  sing le  and  m ulti s tra ta , and 
o pen  stra ta . O n ly  43 o f  61 p lo ts co n ta ined  d o m in an t species > 7 0 %  an d  w ere  used  fo r th is  
s tudy . P lo t locations w ere  d e term ined  using  d iffe ren tia lly  co rrec ted  G P S  m easu rem en ts . 
T he deta il ch a rac te ris tic s  o f  the  s tra ta  and p lo t d is trib u tio n  w ith in  th ese  c lasse s  are 
d esc rib ed  C h ap te r th ree .
L idar  da ta  acquisition
L aser  a l tim etry  data w ere  acqu ired  for the entire  L ub rech t E xper im en ta l  Forest 
area  enc o m p a ss in g  m ore  than 11,300 hectares. The  cam paign  w as  des igned  to have  50%  
s ide lap  so tha t  all f light strips covered  the entire  s tudy  area, inc lud ing  the  Elk  C reek  
w ate rshed .  In o rd e r  to synchron ize  each  po in t  location recorded  by both L ID A R  and  G P S  
and  ch anges  in aircraft  posit ions (roll , pitch, and  yaw )  do cu m en ted  by 1MU, pos t  f light 
p rocess ing  w as  perfo rm ed  by ven d o r  (H orizon , Inc.) using proprie ta ry  so f tw are .  Data 
w ere  in L A S  fo rm at and  p rocessed  using M icros ta t ion  D ev e lo p m e n t  L an g u a g e  (M D L )  
ex tens ion  in T erraS can  (Terrasolid , 2004). The  detailed  param ete r  fo r  th is  acqu is i t ion  is 
sh o w n  in Tab le  1 and  the separation  o f  bare earth  and  canopy  re turns is desc r ibed  in 
Section  M ateria ls  and M ethods  o f  C h a p te r  2 and  A p p en d ix  B.
Stand database
T he L ubrech t Fores t  deve loped  a  stand  da tabase  from  com bina t ions  o f  serial 
in tensive w alk - th rough  inventories and  aerial photo  in terpre ta tions in 1995 and  upda ted  it 
in 2 000  (W aterm an ,  2000).  S tand species  is def ined  by a  p red o m in an t  (p rim e)  species  
and  one  o r  m ore  secondary  (alpha) species, i f  the  second  spec ies  co m p o ses  a t  least 10% 
o f  total canopy  cover. N o tin g  that there  is am b igu i ty  w ith  the  lack o f  quan ti ta t ive  species  
d is tribu tion  data  and the  fact tha t  som e stands  are no t  hom o g e n eo u s ,  w e  a s su m e  that 
s tand  ho m o g e n e i ty  is at least w ith in  the  d o m in a n t  species  criteria  (> 7 0 % )  i f  the  s tand  is 
rep resen ted  by a pr im e species  and  no a lpha  species. U sing  th is  logic, the  en t ire  L E F  w as  
d iv ided  into 1005 stand  po lygons ,  com prised  o f  180 D oug las -f ir  s tands (total a reas  o f  
- 7 9 2  ha), 50  ponderosa  pine s tands ( - 2 5 7  ha), 102 lodgepo le  p ine s tands  ( -3 3 1  ha) and
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12 western larch stands (-2 7  ha). The rest o f  the stands (661 polygons) w ere either 
“m ixed" species or were dom inated by subalpine fir {Abies lasiocarpa) o r Engelm an 
spruce (Picea engelmanii).
Inventory dataset
Field inventory data were collected in 2007 on a 200 acre grid (81 hectares) to 
com plem ent the existing stand database (w alk-through data) and to provide a com parison 
to im agery data and the L1DAR datasets used for this study. Data were collected on 0.25 
acre/0.10 hectare circular perm anent plots distributed across LEF by a U niversity o f  
M ontana, College o f  Forestry and Conservation field crew . Large trees (D BH > 13 cm 
(5 )) w ere m easured for height, DBH, crow nw idth. and crow nbase height w hile saplings 
and seedlings were tallied w ithin l/5 0 th and 1/100th acre subplots. Plots w ere located 
using recreational-grade GPS units and their centers were m arked using orange-painted 
rebar stakes with metal cap tags containing plot num ber and cruise date. A drados et al. 
(2002) dem onstrated that mean location errors o f  non differential GPS units such as the 
one used in this data collection across a range o f  conditions and environm ents is 28 
m eters w ith standard deviation and m axim um  errors o f  10 m eters and 63 meters 
respectively. For the purpose o f  this study, 77 o f  101 plots having trees >  13 cm DBH 
w ere classified into dom inant species (>70% ) on a tree basis. O f these plots, 27 w ere 
represented by D ouglas-fir follow ed by ponderosa pine (11), lodgepole (7) and w estern 
larch (1), w hile 31 plots were m ixed species (no dom inant species).
T ab le  1. P lo t d is tribu tion  and ch a rac teris tics  o f  do m in an t species
S pecies No. Plots
Height (m) DBH (Cm) C row nheight (m)
Mean Min. Max. Mean Min. Max. Mean Min. Max.
Douglas-fir 27 15.74 2.13 29.87 26.06 12.70 76.20 7.90 0.00 21.64
P o n d e ro sa p in e 11 18.40 3.05 32.31 31.13 12.70 76.20 8.90 0.00 19.20
L o dg ep o lep in e 7 17.07 6.40 29.87 20.67 12.70 58.42 9.02 0.00 21.03
w este rn  larch 1 20.45 3.05 34.75 26.19 12.70 73.66 11.43 0.00 21.95
M eth o d s
C rea ting  modified LDA-based species and  PCC d ata  (stage 1)
A ll p ro ced u res  w ere  perfo rm ed  using  reg u la r g rids w ith  ce ll s ize  co rre sp o n d in g  to 
the  size o f  the  o rig ina l fie ld  p lo ts  (20  x 20 m 2). T w o grid  d a tase ts  w ere  c rea ted : (1 ) a 
m o d ified  L inear D isc rim inan t A nalysis  (L D A )-sp ec ies  layer, and  (2 ) P ercen t C anopy  
C o v er (P C C ). I he m od ified  L D A -species  layer w as created  based  on the  tree  species 
id en tifica tio n  m e thodo logy  described  by S u ra tno  e t al. (2009), u sing  the  fo llo w in g  steps: 
(1 ) tw elv e  g rid  layers w ere created  from  the  C anopy  H eigh t M odel, rep resen tin g  m eans 
and  s tandard  d ev ia tio n s  o f  in tensity  and  canopy  he ig h t fo r th ree  re tu rn  ty p es (all re tu rns, 
firs t re tu rn s o f  m ultip le  re tu rn s, an d  sing le  re tu rns (on ly  one re tu rn  reco rd ed  fo r a g iven  
pu lse )). P o in ts  low er than  2 m eters in heigh t w ere  rem oved  to  avo id  am b ig u ity  be tw een  
can o p y  and  g round . T h e  variab les are listed  in T ab le  3 C h ap te r th ree  (bo th  p e rc en ta g es  o f  
return  types are ex c luded ). (2 ) L D A  w ith  c ro ss  va lida tion  w as pe rfo rm ed  using  the 
p rev io u sly  c ited  variab les on the 43 cand ida te  field  p lo ts  to  c lassify  the  fo u r tree  species.
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resulting in 12 coefficients for each o f  four discrim inant functions. For this study, the 
discrim inant function representing Douglas-fir was used to create a single intensity- 
height interaction layer (called a m odified LDA-species) by applying equation 1, below. 
The reason Douglas-fir coefficients were used is based on a previous result (Suratno et 
al., 2009) showing that Douglas-fir was the m ost easily distinguished species in the LDA 
classification.
M odified  LDA-species  =  0.97(M IA) + 1.85(SDMIA) -  29.64(M CA) -  32.79(SD M CA)  +
0.45(M IF) + 0.06(SDM IF) + 18.38(M CF) + 27.76(SD M CF) -
0.37(MIS) -  0.47(SDM IS)  +  12.55(M CS) + 12.45(SDM CS) -  138.32 (I)
The values generated from equation 1 (represented by pixels) were classified into four 
groups (1 group per species). The thresholds for each group are represented by the LDA 
m ean value from each species discrim inant function produced previously (Suratno, et al., 
2009) plus or m inus 10 points (DF: 136.69 ±  10, PP: 83.98 ±  10, LP: 74.82 ±  10, WL: 
93.70 + 10). The 10-point criterion represents approxim ately one standard deviation.
H alf o f  the criterion was used for overlapping thresholds betw een species. Values that did 
not m eet threshold criteria were identified as a m ixed species.
A dditionally, a percent canopy cover (PCC) layer was generated from  the lidar 
point cloud using the proportion o f  vegetation first returns to total bare earth and 
vegetation first returns. Both layers were co-registered and com bined to generate a single 
m ultiband (LDA-PCC) dataset for the final classification.
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PCC Stand
1 - 25% ]  Lodgepole pine
25 - 50% ~~] Douglas-fir
50 - 75% Western larch
75 - 99%  Ponderosa pine
Figure 1. The  distribution  o f  percen t canopy  cove rage  (P C C )  and  ‘d o m in a n t ’ species  
stands  (D ouglas-fir ,  ponderosa  pine, lodgepo le  pine, and  w estern  larch) gene ra ted  from 
the  stand  database. Every th ing  not show n in co lo red  po lygons  is m ixed  species.
Species classification and m apping (stage 2)
C lassification  and  m app ing  w ere  perfo rm ed  using  a  superv ised  M a x im u m  
L ikelihood  C lassification  (M L C ) a lgori thm . I he M L C  is based on  the  probab il i ty  tha t  a 
pixel rep resen ted  by species  (A, )  w ith  i s  (1 ,  2, . . . . ,  N  species)  located in x ,y posit ion  o f  
layer  (B)  is ass igned  into a  particu lar  class based on the  pixel re la tive  l ikelihood 
(probabil i ty )  occu rrence  w ith in  the probabil ity  density  function  (P)  o f  each  species, 
w h ich  is def ined  by the  B ayesian  rule (Jensen  and  N ielsen ,  2007) as:
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p ( A \B ) _ P(Bx<y\Ai )P(Ai)
( /l  x y ) -  P(Bx y ) (2)
w here P(A, Bxy)  is the probability or likelihood that the hypothesis is true for species A 
given species distribution (layer) B, P(Bxy\A,) is the conditional probability o f  layer B  
given species .4, P(A,) and (P(Bxy)  are the prior probabilities o f  the species in layer A  and 
in layer Bxy respectively.
The M LC assum es that species class distributions on both m odified LD A -species 
and PCC layers are norm ally distributed and m utually independent and 1 tacitly  accept 
this assum ption while acknow ledging that it is difficult to assess w ith the small num ber 
o f  plots represented by each species. Plots were used as training areas for each species 
class and the M LC was com pleted with equal prior probabilities for each class. The 
species classification was applied to the entire 11,300 ha study area.
A ccuracy assessm ents were perform ed on a per pixel basis. Due to the am biguity 
o f  the stand database quality and difference in resolutions betw een the map produced 
(0.04 hectare) and inventory plots (0.1 hectare), the follow ing procedures w ere carried 
out for evaluating classification accuracy.
A ccuracy assessm ent using stand  da tabase  (stand polygons)
The proportion o f  pixels correctly classified (by species) to the total num ber o f  
pixels in the analysis is calculated. The assessm ent is perform ed for the four species and 
for m ixed species. The results are presented in two error m atrices (1) classification 
accuracy for the four species independent o f  m ixed species, and (2) classification 
accuracy including m ixed species. A dditionally, the accuracy assessm ent on mixed
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species is also conducted separately to evaluate the classification consistency given the 
fact that m any stands are not pure/single species. This was perform ed by com puting the 
proportion o f  pixels by species inside each stand. The species w ith the highest proportion 
w as assum ed as a “prim e’' and was used to match the category o f  prim e species identified 
in the stand database for each stand. Only four prim e species (D ouglas-fir. ponderosa 
pien, lodgepole pine, and w estern larch) were used for m atching w hile others com prising 
a total o f  23 stands w ere excluded, including alpine fir {Abies lasiocarpa), cottonw ood 
(Populus deltoides), aspen (Populus tremuloides), and Engelm ann spruce (Picea 
engelmannii).
A ccuracy assessm ent using a fixed perm an en t plot-based inventory  datase t
Species classification accuracy w as calculated using the 2007 fixed, perm anent 
inventory plots to evaluate classification consistency using independent datasets. Two 
difficulties arise from us o f  such data. First, plot locations are uncertain due to coarse 
resolution GPS data (described above). Second, the resolution o f  the species map 
(0.04ha) does not m atch the resolution o f  the inventory plots (0.1 Oha). Therefore, the 
accuracy assessm ent w as conducted based on proportions o f  classes/species (W oodcock 
and Strahler, 1987; Stehman and C zaplew ski, 1998; Zhu et al., 2000), and the assessm ent 
was perform ed by calculating the proportion o f  pixels centered inside circles w ith radius 
o f  63 m eters. The radius o f  63 m eters w as selected to accom m odate the possible 
m axim um  observed location error generated by the recreational-grade GPS units 
(A drados et ah, 2002) used to establish each plot. The species w ith the highest proportion 
was assum ed as the “dom inant” species sim ilar to the 70%  dom inant species criteria used
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prev iously . It is ack n o w led g ed  th a t th is d e fin ition  o f ‘m a jo rity ’ is no t the  sam e as  the 
do m in an t species c rite ria  (70% ) used in the p rev ious ana ly sis . F o r th is  reason , the 
assessm en t tha t resu lts  from  th is ana ly sis  is expected  to  p rov ide on ly  a b road  o v erv iew  o f  
the  co n s is ten cy  o f  species c lass ifica tio n , and the  am b ig u ity  arising  from  th e  sta ted  
assum ption  is recogn ized .
A ll accu racy  assessm en ts  are eva lua ted  using  C o h e n ’s K appa  ag reem en t. 
C o e ffic ien t values are ca lcu la ted  to  ind icate the  ag reem en t be tw een  the c lassifica tio n s. 
M onserud  and  L eem ans (1 992) suggested  th a t ca tego rized  K appa  values resu lt in the 
fo llow ing  five q u alita tiv e  c lasses, (1 ) p o o r <  0 .40 , (2 ) fa ir =  0 .40 -0 .5 5 , (3 ) g o o d  =  0 .55- 
0 .70 , (4) very  good  =  0 .7 -0 .85 , and (5 ) ex ce llen t > 0 .85 .
R esults
R esu lts  o f  the LD A  and  the M L C  are dep ic ted  spa tia lly  in F igu re  2, below .
S pecies c lassifica tio n  using  m odified  L D A  m ethod  p ro d u ces an  overa ll accu racy  o f  4 5 %  
as show n in T ab le  2. T he h ighest p ro d u ce r’s accu racy  (th e  to ta l o f  co rrec tly  c lassified  
p ixe ls  from  the  c lass  sam ples) is D o u g las-fir  (75% ) fo llow ed  by w estern  la rch , lodgepo le  
pine, and  p o n d ero sa  p ine (39% , 21% , and  18%  respec tive ly ). M eanw hile , the  u se r’s 
ac cu rac ie s  (th e  co rrec tly  assigned  p ixe ls  to  one specific  c lass) o f  D o u g las-fir, lodgepo le  
p ine , p o n d ero sa  p ine , and  w estern  larch  are 79% , 65% , and  3%  resp ec tiv e ly . T he K appa 
va lue  is 0.21 ind icating  th a t th e  c lassifica tio n  ag reem en t betw een  la ser v ariab les  and  field  
d a ta  is p o o r (M o n seru d  and  L eem ans, 1992). T h e  o vera ll accu racy  im proves to  4 7 %  
w hen  m ixed  species is inc luded  in the  an a ly sis , bu t the K appa v a lue  d ec reases  to  0 .07  
(T ab le  3).
100
Linear Discriminant Analysis (LDA)-based species
Mix species 
Douglas-fir 
Ponderosa pine 
Lodgepole pine 
Western larch
Maximum Likelihood Classification (MLC)-based species
Figure 2. Species distribution based on modified Linear Discriminant Analysis (LD A ) 
and Maximum Likelihood Classification (M LC).
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Table 2. Error matrix for species classification using modified LD A  (w ithout mixed 
species).
F ie ld  re fe re n c e
D o u g la s - f ir  P o n d e ro s a  p in e  L o d g e p o le  p in e  w e s te rn  la rc h  R o w  to ta l
A . C la s s ific a tio n --------------------
D o u g la s - f ir 8037 1220 728 167 10152
P o n d e ro s a  p in e 506 931 1899 110 3 4 4 6
L o d g e p o le  p ine 222 5 75 1607 81 2 4 8 5
w e s te rn  la rc h 1989 2364 3451 218 8 0 2 2
C o lu m n  to ta l 10754 5090 7 685 576 2 4 1 0 5
B. C la s s ific a t io n  a c c u ra c y  
P ro d u c e r 's  a c c u ra c y  
D o u g la s - f ir  =  7 4 .7 3 %
P o n d e ro s a  p in e  = 18 .29%
L o d g e p o le  p in e  = 2 0 .9 1 %
w e s te rn  la rch  =  3 7 .3 8 %
U s e r's  a c c u ra c y  
D o u g la s - f ir  = 7 9 .1 7 %  
P o n d e ro s a  p in e  = 2 7 .0 2 %  
L o d g e p o le  p in e  = 6 4 .6 7 %  
w e s te rn  la rch  = 2 .7 2 %
O v e ra ll a c c u ra c y  =  4 4 .7 7 %  
K a p p a  v a lu e  = 0 .21
Table 3. Error matrix for species classification using modified LD A  (w ith mixed species).
Field reference
Douglas-fir Ponderosa pine Lodgepole pine western larch Mixed species Row total
A. C lassification 
Douglas-fir 8037 1220 728 167 44294 10152
Ponderosa pine 506 931 1899 110 10021 3446
Lodgepole pine 222 575 1607 81 6163 2485
w estern larch 1989 2364 3451 218 29927 8022
Mixed species 16691 4083 5357 501 107084 133716
C olum n total 27445 9173 13042 1077 197489 248226
C lassification accuracy 
P roducer’s accuracy 
Douglas-fir = 42.56%
Ponderosa pine =11 .60%
Lodgepole pine = 12.85%
western larch = 20.24%
Mixed species = 54.22%
User's accuracy 
Douglas-fir =79 .17%  
Ponderosa pine = 27.02% 
Lodgepole pine = 64.67% 
western larch = 2.72% 
Mixed species = 80.87%
Overall accuracy = 47 49% 
Kappa value = 0.07
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Table 2. Error matrix for species classification using m odified LDA (w ithout m ixed 
species).
F ie ld  re fe rence
D o u g la s -fir  P ond e rosa  p in e  Lo dg e p o le  p ine  w e s te rn  la rch  R ow  to ta l
A . C lass ifica tio n
D o u g la s -fir 8037 1220 728 167 10152
P o n d e ro sa  p ine 506 931 1899 110 3446
L o d g e p o le  p ine 222 575 1607 81 2485
w e s te rn  larch 1989 2364 3451 218 8022
C o lu m n  to ta l 10754 5090 7685 576 24105
B. C la ss ifica tio n  accu racy  
P ro d u ce r's  accu ra cy  
D o u g la s -fir  = 74 .73%
P o n d e ro sa  p ine  = 18.29%
L o d g e p o le  p in e  = 2 0 .9 1 %
w e s te rn  la rch  = 37 .38%
U ser's  accu racy  
D o u g la s -fir  = 7 9 .1 7 %  
P o n d e ro sa  p in e  = 27 .02%  
L o d g e p o le  p in e  = 64 .67%  
w e s te rn  la rch  = 2 .72%
O vera ll a ccu ra cy  = 44 .77%  
K app a  va lu e  = 0.21
Table 3. Error m atrix for species classification using m odified LDA (with m ixed species).
Field reference
Douglas-fir Ponderosa pine Lodgepole pine western larch Mixed species Row total
A Classification
Douglas-fir 8037 1220 728 167 44294 10152
Ponderosa pine 506 931 1899 110 10021 3446
Lodgepole pine 222 575 1607 81 6163 2485
western larch 1989 2364 3451 218 29927 8022
Mixed species 16691 4083 5357 501 107084 133716
Column total 27445 9173 13042 1077 197489 248226
B. Classification accuracy
Producer's accuracy User's accuracy Overall accuracy = 47.49%
Douglas-fir = 42.56% Douglas-fir =79.17% Kappa value = 0.07
Ponderosa pine = 11.60% Ponderosa pine = 27.02%
Lodgepole pine = 12.85% Lodgepole pine = 64.67%
western larch = 20.24% western larch = 2.72%
Mixed species = 54.22% Mixed species = 80.87%
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Table 4 shows the classification using M LC method. The method generates 
overall accuracy o f 76% with the highest producer’ s accuracy for Douglas-fir (88%) 
followed by lodgepole pine and ponderosa pine (68% and 56% respectively). However, 
class western larch produces an accuracy o f 0%. Meanwhile, the user’ s accuracies o f 
Douglas-fir, lodgepole pine, and ponderosa pine are 84%, 76%, and 50%. Identical to the 
producer’s accuracy, class western larch generates an accuracy o f 0%. In contrast to the 
Kappa value o f  the modified LD A  classification, the value resulting from the M LC is 
0.59 suggesting that the agreement is good. However, adding mixed species results in 
lower overall accuracy (36%) and a lower Kappa value o f 0.11 (poor) (Table 5).
Table 4. Error matrix for species classification using M LC  (without mixed species).
Fie ld  reference
D oug las-fir Ponderosa pine Lodgepo le  pine w este rn  larch Row  to ta l
A. C lassifica tion
D oug las-fir 17072 1859 1000 298 20229
Ponderosa pine 1666 3462 1639 99 6866
Lodgepo le  pine 578 916 5594 289 7377
w este rn  larch 1 1 1 0 3
C o lum n tota l 19317 6238 8234 686 34475
B. C lass ifica tion accuracy
P roducer’s accuracy User’s accuracy O vera ll accu racy = 75.79%
D oug las-fir = 88.38% D oug las-fir = 84.39% Kappa va lue  = 0.59
P onderosa  pine = 55.50% Ponderosa p ine = 50.42%
Lodgepo le  pine = 67 94% Lodgepo le  p ine = 75.83%
w este rn  larch = 0.00% w este rn  larch = 0.00%
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Table 5. Error matrix for species classification using M LC (w ith mixed species).
Fie ld reference
D oug las-fir P onderosa p ine  Lodgepo le  p ine w este rn  larch Mixed spe c ie s  R ow  to ta l
A . C lassifica tion
D oug las-fir 17072 1859 1000 298 90458 20229
P onderosa  pine 1666 3462 1639 99 33545 6866
Lodgepo le  p ine 578 916 5594 289 11288 7377
w es te rn  larch 1 1 1 0 9 3
Mixed species 8128 2937 4821 391 62174 78451
C olum n tota l 27445 9175 13055 1077 197474 248226
B. C lassifica tion  accuracy
P rod ucer's  accuracy U ser's  accuracy O verall accu racy = 35.57%
D oug las-fir = 88.38% D oug las-fir = 84.39% Kappa va lue  = 0.11
P onderosa  pine = 55.5% Ponderosa p ine  = 50.42%
Lo dgep o le  p ine = 67.94% Lodgepo le  p ine = 75.83%
w e ste rn  larch = 0.00% w este rn  la rch  = 0.00%
Mixed species = 31.48% Mixed species = 79.25%
Recall that for all stands that did not have a dominant species (as defined above), 
the accuracy assessment was performed on a per stand basis in which the majority species 
(highest proportion) as indicated by the lidar data was compared to the prime species o f 
the walkthrough inventory. These results are shown in Table 6. The overall accuracy is 
66% and the highest producer’ s accuracy is for Douglas-fir (88%) followed by ponderosa 
pine and lodgepole pine (36% and 30% respectively). Meanwhile, western larch produces 
an accuracy o f 0%. It is important to note that the accuracy assessment presented here is 
lim ited to stands w ith a prime species and a different alpha species. Stands w ith the 
same prime and alpha species were classified as dominant in the analysis presented above 
and removed from further consideration. Additionally, the classification accuracy is 
performed based on the result o f M LC alone.
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Table 6. Error matrix for mix species classification using M LC (based on stand polygon).
Field reference
Doug las-fir Ponderosa p ine Lodgepole  pine w este rn  larch R ow  tota l
A. C lassification
D oug las-fir 366 71 28 45 510
Ponderosa pine 40 42 5 12 99
Lodgepole  pine 9 5 14 1 29
w este rn  larch 0 0 0 0 0
C olum n tota l 415 118 47 58 638
B. C lassification accuracy
P roducer's  accuracy User's accuracy O verall accu racy = 66.14%
D oug las-fir = 88.19% D oug las-fir = 7 1 .7 6 % Kappa va lue = 0.24
Ponderosa pine = 35.59% Ponderosa pine = 42.42%
Lodgepole  pine = 29.79% Lodgepole  pine = 48.28%
w este rn  larch = 0.00% w estern larch = 0.00%
Tables 7 and 8 depict the classifications using M LC method evaluated by the 
fixed-plot inventory dataset. The overall classification accuracy is 85% when mixed 
species are not included. It decreases to 60% when mixed species are added to the 
calculation. Both assessments indicate that Douglas-fir exhibits the highest producer and 
user accuracies. On the other hand, ponderosa pine and lodgepole pine produce 
accuracies o f0% . Meanwhile, more than ha lf o f mixed species are correctly classified 
(55%). The Kappa value o f 0.61 indicates that the classification agreement is considered 
good when mixed species is excluded. As mixed species are added (Table 8), the Kappa 
value declines to 0.44 suggesting that the classification agreement between laser variables 
and fie ld inventory data is fa ir (Monserud and Leemans, 1992).
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Table 7. E rror m atrix fo r species classification using M L C  (based on inventory dataset 
w ithou t m ixed specie).
Fie ld  re ference
D oug las-fir Ponderosa p ine Lodgepo le  p ine w este rn  larch Row  tota l
A. C lassifica tion
D oug las-fir 25 2 0 0 27
P onderosa pine 0 4 2 0 6
Lodgepo le  pine 0 1 0 0 1
w este rn  larch 0 0 0 0 0
C olum n tota l 25 7 2 0 34
B. C lass ifica tion  accuracy 
P roducer's  accuracy 
D oug las -fir = 100.0%
P onderosa  p ine  = 5 7 .1 4 %
Lodgepo le  p ine  = 0.00%
w este rn  larch = 0.00%
U ser's accu racy 
D oug las -fir = 92.59%  
P onderosa p ine = 66.67%  
Lodgepo le  p ine = 0.00%  
w este rn  larch = 0.00%
O vera ll accu racy = 85.29%  
K appa va lue  = 0.61
Table 8. E rror m atrix fo r species classification using M LC  (based on inventory dataset 
w ith  m ixed species included).
  F ield reference
D oug las-fir Ponderosa p ine  Lodgepo le  p ine  w estern  larch Mixed species R ow  to ta l
A C lassification
D oug las-fir 25 2 0 0 10 37
Ponderosa pine 0 4 2 0 2 8
Lodgepo le  pine 0 1 0 0 2 3
w estern  larch 0 0 0 0 0 0
Mixed species 2 4 5 1 17 29
C olum n tota l 27 11 7 1 31 77
B. C lass ification  accuracy
P roducer's  accuracy U ser's accuracy O vera ll accuracy  = 59.74%
D oug las-fir = 92.59% D oug las-fir = 92.59% Kappa va lue  = 0 44
P onderosa pine = 36.36% Ponderosa p ine  = 66 67%
Lodgepo le  pine = 0.00% Lodgepo le  p ine  = 0.00%
w estern  larch = 0.00% w estern  larch = 0.00%
Mixed species = 54.84% Mixed species = 58 62%
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Discussion
The results above suggest that it may be possible to use relatively low density 
airborne laser scanning data to classify and m ap trees in m ixed coniferous forests like 
those found at LEF. A pplication o f  the m odified LDA function results in a grainy 
distribution o f  species that falsely em phasizes w estern larch and m ixed classes (Figure 2). 
M LC resolves much o f  this am biguity w hile im proving the discrim ination o f  lodgepole 
pine and ponderosa pine. Note that w estern larch is not apparent in the M LC 
classification and instead, grouped w ith ponderosa pine and Douglas-fir. The fractions o f  
m ixed species also decrease from m odified LDA to M LC.
H ow ever, it is notew orthy that classification accuracy o f  M LC is low w hen m ixed 
species are considered and there is still uncertainty about how  well the approach captures 
stand heterogeneity. Yet, the m ixed validation fails because the classification produces 
few  m ixed pixels relative to species-specific pixels. Therefore, during the validation, we 
are com paring species pixels (classified) to m ixed pixels (truth) and can only conclude 
that we m isclassify m ost o f  the tim e. M eanw hile, validation at stand-level instead o f  
pixel level used in this study is also d ifficult as to w hether the h ighest proportion o f  
species is representative throughout each stand. This occurs particularly  in stands having 
slight differences in pixel proportions betw een dom inant m ixed species (prim e). For this 
reason, the validation presented in Table 6 is intended to provide a sense o f  classification 
consistency, w hich may provide useful know ledge for further studies.
The accuracy assessm ent (Table 6) show s that D ouglas-fir is consistently  
classified w ith h igher accuracy on both the producer and user sides. This result suggests 
that D ouglas-fir can be located based on the ALS data in m ixed settings. T he genus Pinus
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is also  d ist inctive, but d if fe rences are  not readily  appa ren t  at the  spec ies  level (e.g., 
ponderosa  p ine and  lodgepole  p ine often  are con fused  fo r  one  ano ther) .  The  h igher  
c lassificat ion  accu racy  for D oug las -f ir  is p robab ly  du e  to the  la rger  n u m b e r  o f  sam ples  
d is tribu ted  ac ross  d iverse  s tands, and  the  low  accu racy  fo r  w es te rn  larch is co nve rse ly  
at tr ibu tab le  sam ple -s ize  cons tra ined  m is represen ta tion  o f  species  variability .  B ecau se  the 
M L C  uses p robabil ity  to apportion  pixels  into classes ,  a  rep resen ta t ive  p robab ly  density  
func tion  fo r  each at tr ibu te  (per  species)  is essential.  A dd it iona lly ,  w es te rn  larch a lm ost  
a lw a y s  o cc u r  secondary  to po n d e ro sa  pine an d  D oug las -f ir  (A rno ,  et al. 1985). T h e  high 
c lassificat ion  accu racy  o f  lodgepole  p ine is likely due to the  fact tha t  laser  return  in tensity  
is gene ra l ly  low er  than  fo r  o the r  spec ies  (Su ra tno  e t  al., 2009 )  and  the  spec ie s  usua lly  
occu rs  in even -aged  stands.
S im ilarly ,  the  h igher  percen tage  o f  D oug las -f ir  dom ina ted  s tands (w ith in  m ixed  
spec ies  s tands)  m ay  be a ttr ibu ted  to the  general  cond it ion  o f  spec ies  c o m p o s i t io n  in 
L ub rech t E xper im en ta l  Fores t  (LEF).  M o s t  m ixed  s tands  are largely co m p o sed  by 
D oug las -f i r  as a  serai species, espec ia l ly  in low er  and  m id d le  e leva tion  in LE F . O n  the 
o the r  hand, w estern  larch dom ina ted  s tands are under-rep resen ted ,  resu lt ing  in an 
inadequa te  p robabil ity  function  in the  M L C .
T h e  h igh  classification  accu racy  (8 5 % ) p roduced  using  the  fixed p lo t inventory  
da tase t  fo r  co m par ison  suggests  tha t  the  M L C  m eth o d o lo g y  used to m a p  spec ies  has  the 
potentia l for larger applica tion .  A dd it iona lly ,  a s  w as  p rev iously  no ted ,  percen t ca n o p y  
co v e r  s trongly  affects  return  in tensity  due  to  fractional in te rception o f  e n e rg y  by  scattered  
fo liage  w ith in  the  laser  footprint.  C onsequen t ly ,  the  add it ion  o f  P C C  to  the  c lass if ica t ion  
is logical and  im proves  the  result. W e no te  that P C C  w as  inc luded  as  a  var iab le  in the
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L D A  with little accu racy  im provem en t  to  the m odif ied  L D A  classification .  W e specu la te  
tha t  the  reason P C C  im proves  the  M L C  c lassifica t ion  bu t no t  the  m od if ied  L D A  
classification  is because  the  in teraction be tw een  in tensity  and P C C  is non-linear .  
A ddit iona lly ,  the  M L C  is not cons tra ined  in the sam e w ay  and  instead relies on 
probabil it ies.
Conclusions
The research  p resen ted  here rep resen ts  a  first a t tem p t at c lass if ica t ion  w ith  
p rom is ing  resu lts  and  suggests  that A L S -d a ta  can be used to c lassify  an d  m a p  at least 
th ree  w es te rn  N orth  A m erican  con ife r  species. The  M a x im u m  L ike l ihood  C lass if ica t ion  
(w i thou t  the m ixed  species)  p roduced  an  overall accu racy  o f  7 5 %  w ith  the  bes t  resu lts  for 
D oug las -f ir  fo llow ed  by  lodgepole  p ine and po n d e ro sa  pine, w h ile  w es te rn  larch w as  
d if f icu lt  to identify. T h e  am b igu i ty  o f  species  d is t r ibu t ions  in the  s tand  da tab a se  used  for 
g round  tru th  in m ixed  fo rest p reven ted  robust  val idat ion  for a  large frac tion  o f  the 
landscape.  H ow ever ,  the  c lassificat ion  resu lted  in the  co rrec t  spec ies  ap p e a r in g  in each 
stand  po lygon  and  a stand  based val idat ion  using th e  p r im e /a lpha  no ta tion  ind ica ted  a 
qual i ta t ive  ag re em e n t  b e tw een  the  lidar classification  an d  the  w a lk th ro u g h  inventory  
data. It a lso p roduces  a h igh  accuracy  as eva lua ted  using independen t  da ta  ( fixed  plot 
inven to ry  datase t) .  The  inc lusion  o f  pr io r  p robabil ity  w e igh ts  in fo rm ed  by  b iophysica l  
a t tr ibu tes  such as slope, aspec t ,  and  e leva tion  m a y  c lea r  up  som e o f  the  uncer ta in ty  
b e tw een  spec ies  tha t  exh ib it  s trong  site p references.  A dd it iona lly ,  it m ay  be poss ib le  to 
im prove  the  c lassifica t ion  by  inc reas ing  the n u m b e r  o f  t ra in ing  sam p les  to  bet ter  
rep resen t variability .  W e note tha t  the  sam ples  w ere  se lec ted  based  on  s truc tu re  type
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ra the r  than species. Lastly , w e h igh ligh t the  sim plic i ty  an d  repeatab ili ty  o f  m e thods  
presented ,  but a c k n o w led g e  cons iderab le  uncerta in ty  regard ing  classification  
per fo rm ance  in m ixed  species  stands.
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C H A PT E R  5
C u r r e n t  S t a t u s  a n d  R e c o m m e n d a t i o n s  f o r  F u t u r e  W o r k
C u r r e n t  s ta tu s
T his  research  sh o w s tha t  D ouglas-f ir ,  lodgepole  pine, an d  po n d e ro sa  p ine can  be 
identif ied  and  m apped  w ith  reasonab le  eff icacy  in a  m ixed  co n ife rous  fo rest se t t ing  using 
a  com bina t ion  o f  l idar s tructure  and  in tensity  m etr ics.  W este rn  larch is not un ique ly  
identifiable , cons is ten tly  appear ing  in a  'm ix e d ’ class. A lthough  the  f ield  da ta  do  no t yet 
ex is t  to conc lus ive ly  do cu m en t  the  per fo rm ance  o f  the  A L S -b ase d  c lass if ica t ions  a t  plot 
o r  s tand-level for the  m ixed  class, a  com par ison  o f  p red ic ted  spec ies  d is t r ibu t ions  w ith 
w a lk - th rough  inventory  data  p rov ides  com p e ll in g  anecdo ta l  ev id en c e  tha t  the 
m e th o d o lo g y  p roposed  could  prov ide  inventory-quali ty  spec ies  da ta  a lo n g  w ith  the  m ore  
conven tiona l  m e asu rem en ts  o f  stand height,  ca n o p y  cover,  and  the ir  deriva tives .  Spec ies  
p red ic tion  at tree -sca le  is m ore  uncerta in  w ith  low -density  datase ts  like th e  o n es  used  in 
th is  study, g iven  uncer ta in t ies  in the stem location data. M ore  likely, indiv idual trees  will 
need to  be a t tr ibu ted  w ith  spec ies  data  from  h igh-qual i ty  p ixe l-based  o r  s tand-based  
spec ies  d is t r ibu t ions  like the ones  p rov ided  by the  M L C  c lassificat ion ,  a possib ility  that 
p rov ides  fertile g round  fo r  addi t iona l  research.
T h e  orig ina l con tr ibu tions  o f  the  w o rk  descr ibed  herein  are  th ree -fo ld .  First, the  
research  m o v es  the  literature beyond  the  frequen tly  used  d isc rim inan t ana ly s is  a t  plot-  
scale to  c lassify  and  val idate  spec ies  d is t r ibu t ions  ac ross  a  rela tively  large landscape.  
Second ,  th e  M a x im u m  L ikelihood  C lassifica tion  us ing  m o d if ied  L D A  ou tp u t  with  
percen t ca n o p y  co v e r  is novel,  s im ple  to apply ,  p rov ides  g ood  results ,  and  is easily
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m odif iab le  to ac co m m o d a te  additional variab les  o r  to  deve lop  a  priori p robab il i t ie s  based 
on  independen t species  d is tribu tion  m ode ls .  Third ,  resu lts  are  p rov ided  for a n e w  suite  o f  
species  on  a landscape not prev iously  investigated .  A dd itiona lly ,  the  effec ts  A u tom atic  
G ain  C ontro l ,  scan  angle,  and  range are eva lua ted ,  one o f  fou r  a t tem p ts  to do  so  to  date  in 
the  literature.
R esu lts  o f  th is  research  are  enc o u rag in g  an d  open  up  the  possib il i ty  o f  im prov ing  
the  m e th o d o lo g y  used fo r  tree spec ies  d iscrim ination  to suppor t  var ious  m a n a g e m e n t  
activ ities,  inc lud ing  t im ber  production ,  b iom ass  es tim ation ,  w ild li fe  h ab i ta t  del inea tion ,  
an d  site p roductiv ity  predic tion .  The  system  used for th is  study, L eica  A L S 5 0 ,  opera tes  
w ith  au tom at ic  gain  contro l (A G C )  to  record  ta rge t intensity. This  resu lts  in th e  au tom atic  
ad ju s tm e n t  o f  cap tu red  raw  in tensity  va lues  for sy s tem  gain , s lant range ,  and  fly ing 
heigh t var ia t ions  (Le ica  G eosys tem s ,  2008).  U nfor tuna te ly ,  the re  are  on ly  fe w  stud ies  
focus ing  on  such ad jus tm en ts  (A dam s,  2000 ; W a g n er  e t  al, 2004 ; K orpela ,  2008)  and  
they  do  not co rrobo ra te  w h e th e r  it is cons is ten t  fo r  every  app lica tion  fo r  s im ila r  targets .  
Indeed, the  A G C  co ncep t  is cons idered  a non linear  system , an d  it is a lw a y s  d if f icu lt  to 
so lve  for an  effec t a r is ing  from  the  ad ju s tm e n t  o f  an  app ropr ia te  no n lin ear  equa tion  
(M artinez ,  2001).  T herefo re ,  th is  s tudy  has had to deal w ith  tw o  issues g en e ra ted  by  the 
sys tem : (1) lack o f  deta iled  insight into the proprie ta ry  pu lse  detec tion  a lg o r i th m s an d  (2) 
an  uncer ta in  A G C  adjustm ent.  W hile  these  p rob lem s m a y  be su ffic ien tly  a c k n o w led g e d ,  
a  lack o f  ref lec tance  m e asu rem en ts  o f  the ta rge ts  in the  f ie ld /labora to ry  u s ing  a 
sp e c tro m e te r  m ake  it d if ficu lt  to  eva lua te  an d  co m p are  the  signal s treng th  va lues  
produced  by the  system . Indeed, adm itted ly ,  it becom es  m ore  com p lic a te d  to ca lcu la te  
the  ap p ro x im a te  sa tura tion  o f  m in im u m  and  m a x im u m  va lues  o f  8-bit  reso lu t ion  used  in
the ALS50 intensity conversion. For example, the removal o f  0 and 255 values u tilized  in 
this study is based on previous observations o f  A LS  datasets and there is no 
documentation to corroborate them.
For species d iscrim ination at ind iv idua l tree level, it is important to recognize that 
the stem identifica tion a lgorithm  used in this study produced a root mean square error 
(R M SE) o f  17 stems per a ll plots (46.8% ) fo r overstory and intermediate trees across all 
structure types (R ow ell et al., 2009). W ith  such RMSE, there is a potential error in 
iden tify ing  trees using the methodology described in Chapter 3 due to a an uncertain 
number o f  trees belonging to the plots used in this analysis. A dd itiona lly , the a lgorithm  
also generates higher RMSE (21 stems) fo r regeneration trees (height <6 meters), 
including understory trees (Row ell et ah, 2009). The inclusion o f  these classes into ta lle r 
trees o f  s im ila r species may affect classification accuracy. Therefore, the methodologies 
described in this research should be applied w ith  caution to ind iv idua l trees. Indeed, there 
is not an attempt to perform  error propagation fo r this part o f  the study due to the 
assumptions used in the m ethodology outlined in Chapter 3 that identified  coincident 
trees in both laser and fie ld  data.
The Linear D iscrim inant Analysis (L D A ) and M axim um  L ike lihood 
C lassification (M L C ) are based on the assumption that a ll classes are norm ally 
d istributed. However, it is acknowledged that it was not possible to fu l f i l l  this 
requirement due to the small number o f  samples fo r dom inant species, especially fo r 
western larch and lodgepole pine. As depicted in the box-whisker plots in Chapter 3, 
some classes are not distributed norm ally and several transformations have been 
performed to overcome this problem w ith  ins ign ifican t changes to results. A dd itio na lly ,
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G roeneve ld  (1991)  and  Z uuring  (2009)  sugges t  tha t  absen t cons iderab le  skew ness ,  the 
data  should  be sufficient for statistical testing. Such a s sum ption  is also app lied  to  the 
var iab les  used in M L C  for m a p p in g  spec ies  d is tribu tion  a t  landscape level desc r ibed  in 
C h a p te r  4.
Despite  these potential p rob lem s, the  use  o f  a irborne  laser scann ing  da ta  for 
spec ies  identif ica tion  is m ore  p rom is ing  than ev e r  and  the  cha l lenges  enc o u n te re d  in this 
research  prov ide  im portan t  con tex t  fo r  fu ture w o rk  in the do m a in  o f  spec ie s  m app ing  
w ith  A L S  data.
Future  Work
B ased  on  the  cu rren t  results,  several r e c o m m en d a tio n s  fo r  fu ture s tud ies  are 
p roposed:
1. C o m p are  the  results  o f  p resen ted  m e th o d o lo g y  w ith  the  results  o f  a l ternat ive  
m ethodo log ie s .  F or  exam ple ,  a  conven tiona l  L D A  using  all functions  m ay  p roduce  
m o re  eff ic ien t  com pu ta t ion  and  bet ter  results.  A lte rna tive ly ,  the  tw e lv e  input 
variab les  could  be exam ined  w ith in  o the r  c lassificat ion  rou tines  such  as M L C  and 
perhaps  the  var iab les  could  be reduced  using princip le  c o m p o n e n t  ana lysis .  In poin t 
fact, m a n y  o f  these  a l ternat ives  w ere  explored  before  a rr iv ing  at the  curren t 
m e thodo logy ,  but they  w ere  no t ex p lo red  co m p rehens ive ly  o r  exhaustive ly .
2. D ev e lo p  a m e th o d o lo g y  to a t tr ibute individual trees  from  p ixe l-based  o r  s tand -based  
spec ies  inform ation.  The  m e th o d o lo g y  could  be based on  s im ple  probab il i t ie s  o f  
o cc u rre n ce  from  the  pixel data  o r  cou ld  include k n o w ledge  o f  g row th  habit  o f  
individual species .  F or  exam ple ,  unders to ry  trees  are  not likely to  be shade- in to le ran t
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ponderosa pine, western larch or lodgepole pine. More likely, they are Douglas-fir, 
Engelmann spruce, or sub-alpine fir. The a prio ri probabilities used in the Maximum 
Likelihood Classification provide flexibility to deal with uncertainty for species 
assignment.
3. The incorporation o f  species distributions information based on site-species 
relationships is expected to improve classification by predefining the places a certain 
species can occur. Again, this could be performed using a prio ri probabilities in the 
M aximum Likelihood Classification.
4. Instead o f  using a single standard deviation to define species classes within an LDA 
function, incorporating modified standard deviations for each class may improve 
classification accuracy. Examining the effects o f  different class centroids and 
thresholds may prove beneficial in further analysis.
5. The application o f  a higher density ALS data is likely to improve the classification 
accuracy at the individual tree scale by improving stem identification and by better 
characterizing the intensity and structural variability o f  individual trees.
6. There are many uncertainties regarding automatic gain control (AGC), and in many 
ways, raw intensities may be preferable to AGC-corrected intensity because o f  the 
ability to control normalization in more precisely. Intensity data are still not a highly 
quantitative and there is significant room for improvement. Additionally, the 
proprietary behavior o f  lidar vendors is a chronic problem that needs constant 
attention to effect change.
7. More field plots that better represent species distributions would improve the 
analysis, particularly for under-represented species like western larch.
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8. A  co m b in a tio n  o f  aeria l im agery  w ith  a irbo rne laser scann ing  d a ta  m ay im prove the 
resu lts  o f  th is  study , e sp ec ia lly  to  separate  n o n -m ixed  species c lassified  into m ixed  
c lasses. F o r ex am p le , the un ique phen o lo g y  o f  w estern  larch  co u ld  be ex p lo ite d  to 
sep ara te  it from  o th e r  species.
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A ppendix  A
D A T A  R E C O R D S F R O M  H O R IZ O N S, IN C .
T h e  N ational  C en te r  for L andscape  F ire  A nalys is  o f  the  U nivers i ty  o f  M o n ta n a ’s C o llege  
o f  Forestry  an d  C onserva tion  received tw o  g roups  o f  D V D R O M s  con ta in ing  (1) raw  
p reprocessed  lidar data  in b inary  .las fo rm at,  and  (2) log Files and  docum en ta tion .
1. T h e  “ P re lim inary  P reprocessed  LA S  D ata  (U nb iased )”  w ere  s to red  on  e igh t D V D s.  
S even  D V D s  hold  data  acquisi t ions conduc ted  on  Ju ly  27- 29, an d  A u g u s t  17, 2005 
fo r  L ubrech t Exper im enta l  Forest and  M issou la  International A irport ,  and  O ne D V D  
con ta ins  an  additiona l da ta  acqu ired  on June  29, 2 006  for E lk  C reek  w ate rshed  area.
File nam es:
a. M issou la  In ternational A irport
LDR060621 150128 l.LA S
LDR060621 144451 1.LAS
LDR060621 145625 l.LA S
LDR060621 151943 1.LAS
b. L ub rech t E xper im en ta l  Forest
LDR050616 144514 l.LAS LDR050619 181120 l.LAS
LDR050616 154124 l.LAS LDR050616 141909 l.LAS
LDR050619 192627 l.LAS LDR050619 183247" l.LAS
LDR050616 155212 1 .L AS LDR050619 184410 l.LAS
LDR050619 192159 l.LAS LDR050619 173329 l.LAS
LDR050619 174254 l.LAS LDR050616 142357 l.LAS
LDR050619 191050 l.LAS LDR050616 150952_ l.L A S
LDR050619 182128 l.LAS LDR050616 153746 l.L A S
LDR050619 185338 l.LAS LDR050616 155736 l.L A S
LDR050616 150104 l.LAS LDR050619 180121 l.LAS
LDR050616 152743 1.LAS LDR050616 143749 l.L A S
LDR050619 175242 l.LAS LDR050616 151849 l.LAS
LDR050619_183741 _1 .L AS LDR050616 145220 l.LAS
LDR050619 190158 l.LAS LDR050619 182724 l.LAS
LDR050616 143049 l.LAS
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c. E lk  C reek  w atershed :
LDR060621 145155 1.LAS 
LDR060621 142740_1.LAS 
LDR060621_133217_1 .L  AS 
LDR060621 152840 1.LAS 
LDR060621 124809 1.LAS 
LDR060621 121124 1.LAS 
LDR060621 134009 1.LAS 
LD R060621 _131804_1 .L AS 
LDR060621 135549 1.LAS 
LDR060621 141435 1.LAS 
LDR060621 124140 1.LAS 
LDR060621 150746 l.LA S
LDR060621_123400_1 .LAS 
LDR060621 130935 1.LAS 
LDR060621 122800 1.LAS 
LDR060621_152448_1.LAS 
LDR060621 130241 1.LAS 
LDR060621_125528_1 .L  AS 
LDR060621 140824 1.LAS 
LDR060621_140017_1 .LAS 
LDR060621_141919_1.LAS 
LDR060621 132528 1.LAS 
LDR060621 135059 l.L A S
The con ten ts  o f  the  d ocum en ta t ion  D V D  include:
a. Raw Aero files containing raw  scanned im ages d u rin g  acquisition
b. G lobal Positioning Systems (GPS)
c. In te rtia l M easuring U nit (IMU)
d. Log Files o f acquisition settings
e. F light Logs
A p p e n d ix  B
A C Q U IS IT IO N  S E T T IN G S  P R O V ID E D  B Y  H O R IZ O N S , IN C .
H orizons, Inc. co n d u c ted  L ID A R  data  acq u isitio n s requested  by the  N atio n al C en te r for 
L andscape  F ire A n aly s is  (N C L F A ) fo r the  L ubrech t E xperim en ta l F o rest and  E lk  C reek  
w ate rsh ed , M on tana. T he p ro jec t w as ca rried  o u t on  Ju ly  27- 29  and  A u g u st 17, 2005  and  
Ju n e  29, 2006  u sing  L eica  A L S 50  op era ted  w ith  au to m atic  gain  co n tro l (A G C ).
T he acq u is itio n s  inc luded  the  su rvey  con tro l a t M issou la  In terna tional A irp o rt (M S O ) fo r 
d e te rm in in g  position  and  o rien ta tio n  references. T he co o rd in a te  position  o f  M S O  w as 46 
55  0 5 .2 3 6 8 7  N  and  114 05 3 6 .30852  W  at the  e llip so id  h e ig h t o f  9 6 0 .0 3  m eters.
A cq u isitio n  se ttin g  fo r  M SO :
F ly ing  H eigh t 750 m eters A M T E 1250 m eters  A M T E
A irspeed 72 .02  m e ters/sec 72 .02  m eters/sec
L ase r P u lse  Rate 43 K H z 43 K H z
F ield  o f  V iew  (FO V ) 35° 35°
S can  R ate 35 H z 35 H z
A v erag e  S w ath  W idth 473 m eters 788 m eters
E stim ated  S ignal to  N oise
-fo r 10%  d iffu se  ta rge ts 30.35 a t nad ir 31 .94  a t nad ir
2 8 .7 4  a t F O V  edge 30 .22  a t F O V  edge
-fo r 5%  d iffu se  ta rg e ts 20 .66  a t n ad ir 2 1 .8 4  a t nad ir
19.50 a t FO V  edge 20.61 a t F O V  edge
A cq u isitio n  se ttin g  for L E F  and  E lk  C reek  w a tersh ed :
F ly ing  H eigh t 1829 m eters  A M T E
A irsp eed 72 .02  m eters/sec
L ase r  P u lse  R ate 36 K H z
F ield  o f  V iew  (F O V ) 35°
S can  R ate 27 Hz
A v erag e  S w ath  W idth 1153 m eters
E stim ated  S ignal to  N o ise
-fo r 10%  d iffu se  ta rg e ts 12.34 a t nad ir
11.54 a t F O V  edge
-fo r 5%  d iffu se  ta rg e ts 7.73 a t nad ir
7.73 a t F O V  edge
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Flight Plan a t  L E F  and Elk C reek watershed
LINE ID LAT LON ALT % RTN 1 % RTN 2 % RTN 3 INTENSITY AGC
060621_121124 46.960394 -113.558 2921.306 100 18 2.6 157 123
060621_121124 46.839941 -113.236 2926.67 99.8 48.6 11.8 162 120
060621_122800 46.868532 -113.249 3614.441 100 61 118 96 125
060621_122800 46 895867 -113.25 3612.519 100 46.2 6.8 101 126
060621_123400 46.895207 -113.258 3623.894 100 39.2 8.4 117 124
060621_123400 46.821777 -113.254 3628 18 100 25 4 149 123
060621_124140 46.820265 -113.262 3646.66 100 28 5.2 145 123
060621_124140 46 90405 -113.266 3638.346 100 3 9 4 6 119 124
060621_124809 46.903539 -113.273 3535.057 100 50.4 9.6 118 123
060621_124809 46.80194 -113.269 3549.32 100 25.8 4.6 150 123
060621_125528 46.791054 -113.276 3475.9 100 14.6 1.8 179 122
060621_125528 46.91391 -113.281 3485.546 100 46.2 9.2 124 123
060621_130241 46 913347 -113.289 3464.554 100 37.4 7 136 123
060621_130241 46.791938 -113.284 3469.028 100 36.6 6.4 141 124
060621_130935 46.791164 -113.291 3400.397 100 19.8 3.4 180 121
060621_130935 46.911966 -113.296 3392.289 100 43.8 7.8 128 122
060621_131804 46.932451 -113.304 3365.042 100 31.8 6.2 144 123
060621_131804 46.791815 -113.299 3361.17 100 34.8 4.8 138 124
060621_132528 46.790798 -113.306 3335.644 100 26.6 5 172 122
060621_132528 46.930772 -113.312 3324.435 100 27.2 5.2 156 123
060621_133217 46.931529 -113.32 3245.494 100 15 1.2 183 121
060621_133217 46.800179 -113.314 3218.481 100 12.6 1.2 179 120
060621_134009 46.799619 -113.322 3228.656 100 42.6 8.2 129 124
060621_134009 46.932078 -113.327 3241.134 100 10.6 1.2 185 122
060621_135059 46.845259 -113.331 3613.211 99.8 41.6 10.8 102 128
060621_135059 46.807484 -113.33 3620.653 100 22.6 5.4 152 123
060621_135549 46.809247 -113.337 3545.763 100 32.8 7.2 129 124
060621_135549 46.844235 -113.339 3546.835 100 39.2 10.2 115 125
060621_140017 46.845053 -113.346 3479.568 100 36.8 6 118 125
060621_140017 46 817057 -113.345 3481.912 100 20.8 4 162 123
060621_140824 46.832199 -113.361 3323.055 100 29.4 6.4 156 122
060621_140824 46.834694 -113.241 3326.058 100 45.2 14.2 132 122
060621_141435 46.887268 -113.25 3231.874 100 56.2 9.8 120 122
060621_141435 46.885736 -113.337 3233.914 100 29.4 3.8 140 124
060621_141919 46.85022 -113.339 3233.539 100 33 4.4 143 123
060621_141919 46 85134 -113.24 3236.809 100 37 7.8 149 121
060621_142740 46.841239 -113.271 3544 102 100 21.4 3.2 155 123
060621_142740 46.901095 -113.273 3559.003 100 44.6 8.6 118 124
060621_144451 46 907913 -114.077 2224.102 99.4 1.2 0 158 125
060621_144451 46.926187 -114.108 2228.033 100 1.4 0 158 124
060621_145155 46.927476 -114.111 2223.93 100 0.6 0 149 125
060621_145155 46.906832 -114.076 2231.917 99 4 0 0 157 125
060621_145625 46.90909 -114.072 2225.76 99.8 0 0 163 125
060621_145625 46.928444 -114.104 2226.414 100 2.2 0.4 153 127
060621_150128 46.916814 -114 104 2215.773 100 0 0 159 126
060621_150128 46.927637 -114.09 2222.443 99.6 0.2 0 136 127
060621_150746 46.906609 -114.076 1728.802 99.6 0 0 154 130
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LINE ID LAT LON ALT
060621_150746 46.92625 -114.108 1719.378
060621_151943 46.926735 -114.109 1722.934
060621_151943 46.906673 -114 075 1724.499
060621_152448 46.908794 -114 073 1732.942
060621_152448 46.927383 -114 105 1727.136
060621_152840 46.914919 -114.105 1717.228
060621_152840 46.927644 -114.089 1721.671
% RTN 1 % RTN 2 % RTN 3 INTENSITY AGC
100 0 0 157 129
99.6 0.6 0 157 129
100 0 0 154 129
98.8 0 0 159 131
100 1.6 0 147 131
100 0 0 154 130
99.8 0.4 0 133 131
P ost f lig h t p rocessin g
H orizons,  Inc. perfo rm ed  all post f light p rocessing ,  inc lud ing  the  in tegration  o f  IM U  data  
tha t  recorded  ch anges  in posit ions and  orien ta t ions  w ith  G P S  data ,  w h ich  recorded  the 
target location. The L1DAR, IM U and  G P S  data  w ere  corre la ted  using  the  recorded  G PS 
tim e  to  de te rm ine  the coo rd ina te  o f  each return. T h e  Leica  A L S 5 0  can rece ive  up  to four  
re turns  per  each laser sho t a l low ing  m ult ip le  re turns  from  vertical ob jects  as the  laser 
ref lected  tow ard  the ground , such as vegeta tion  T h e  "P re l im in a ry  P rep rocessed  L A S  Data 
(U nb iased)  del ivered  to  N C L F A  w ere  in b inary  .las fo rm at con ta in ing  in fo rm ation  o f  
L ID A R  return o f  each ta rge t a posit ion, inc lud ing  th ree  d im ens iona l  co o rd ina tes  (xyz). 
in ten sity , n u m b er  o f  re tu rn s p er  sh ot, typ e  o f  re tu rn s, sy stem  gain  v a lu e  (A G C )  
scan  a n g le  and G P S  tim e.
B are E arth  and C a n o p y  S ep aration
The N C L F A  perfo rm ed  bare earth  and  ca n o p y  separa tion  using M icros ta t ion  
D ev e lo p m e n t  L anguage  (M D L )  ex tens ion  in TerraS can .  T h e  L E F  lidar co v e rag e  w as  
d iv ided  into 78 tiles (1 km ") w ith  50 m e te r  over lap  on  tile borders  and  each  tile w as  
exported  as A SC II .
T h e  headers  o f  x, y, z, R 1 ,R 2 , A G C , scan ang le  w ere  ad ded  us ing  P ro g r a m m e r ’s File 
E d ito r  ( text editor).  F o llow ing , the tiles w ere  rep ro jec ted  into N A D 8 3  U T M  Z o n e  12N. 
The  ca n o p y  height w as  ca lcu la ted  using the  ' t i n s p o f  co m m a n d  in A rc by  subtractin '* the 
ca n o p y  eleva tion  (z) w ith  bare earth  created  using tr iangu la tion  ir regular  n e tw o rk  (T IN s)  
(reso lu tions  o f  0 .5m , 1 m, and  2m). T h e  final p roducts  are  tw o  g ro u p s  o f  l idar datase ts  
bare earth  and  ca n o p y  heigh t m odel in shapefile  form at.
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